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Bas Editor’den

Degerli okuyucular,

Istatistik Arastirma Dergisi, Tiirkiye Istatistik Kurumu'nun 2002 yilinda yayinlanmaya basladig
uluslararas1 akademik bir dergisidir.

Yayin politikast yenilenen ve Kisa bir aradan sonra Temmuz 2021°de yeniden yayinlanmaya
baslayan Istatistik Arastirma Dergisi'nde istatistik yaninda ekonometri, yoneylem arastirmasi ve
istatistigin ara¢ olarak kullanildigi diger bilim dallarinda teorik calismalara yer verdigimiz gibi,
uygulamali orijinal ¢alismalara yer verilmektedir.

Istatistik Arastirma Dergisi’nin hedefi séz ettigimiz konularda yaymlayacagi makaleler ile
literatiire katki saglamaktir. Bu dogrultuda, derginin farkli endekslerde taranmasina yonelik caligmalara
da yer verilmektedir.

Dergimizin Temmuz ve Aralik sayilarinda ¢aligsmalarin daha nitelikli hale gelmesinde ¢ok degerli
Oneri, elestiri ve katkilarin1 esirgemeyen ve agagida adi gegen sayin hakemlere siikranlarimi iletmek
isterim.

Bu sayida makaleleri ile destek veren yazarlarimiza, dergimizin Editorler Kuruluna {iye olmay1
kabul ederek bizi onurlandiran degerli bilim insanlarmna, desteklerinden otiirt TUIK Baskani Sayin
Erhan CETINKAYA’ya ve emegi gecen herkese tesekkiirlerimi sunarim.

Dergimizin Aralik 2022 (Cilt 12, Say1 2) sayisimin bilim diinyasina katki saglamasini diler,
bundan sonraki sayilarimiza da ilgi ve desteginizin devamini diler, saygilarimi sunarim.

Prof. Dr. Selahattin GURIS
Bas Editor
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Abstract

Accurately predicting the exchange rate prices helps investors to obtain maximum profit from their exchange rate
investments as well as to help firms conducting business with exchange rates to manage their trading based on
these predictions. Therefore, the prediction of exchange rate prices is crucial for both investors and companies
engaged in exchange rates. In this study, ARMA (Autoregressive Moving Average) models combined with
various GARCH (Generalized Autoregressive Conditional Heteroscedasticity) models are applied to model
exchange rate prices. For this purpose, ARMA-GARCH (M) models are investigated in order to determine the
effect of volatility on exchange rate prices as well as ARMA-GARCH maodels in which the errors are distributed
both symmetrically and skewed. It is concluded that the best fitted model which is determined based on the
goodness of fit and estimation accuracy performance criteria, is firstty ARMA-NAGARCH model which can
model asymmetric and non-linear structures and secondly ARMA-GJRGARCH model. However, since the
performance of ARMA-GARCH (M) models is lower than ARMA-GARCH models, the effect of volatility on
exchange rate prices is found to be weak.

Keywords: ARIMA, GARCH Models, Exchange Rates, Forecasting, Model Evaluation
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ARMA-GARCH Yaklagimi ile Usd/Try Déviz Kurunun Modellenmesi ve Tahmini

Ozet

Doviz kuru fiyatlarimin dogru bir gekilde tahmin edilmesi, yatirimeilarin doviz Kuru yatirimlarindan maksimum
kazang elde etmelerine ve doviz kurlari ile is yapan firmalarin bu tahminlere gore ticaretlerini yonetmelerine
yardimci olur. Bu nedenle déviz kuru fiyatlarinin tahmini, hem yatirimcilar hem de déviz kurlanyla is yapan
sirketler i¢in ¢ok oOnemlidir. Bu c¢aligmada, doviz kuru fiyatlarimi modellemek i¢in ¢esitli GARCH
(Genellestirilmis Otoregresif Kosullu Degisken Varyans) modelleri ile birlestirilmis ARMA (Otoregresif
Hareketli Ortalama) modelleri uygulanmigtir. Bu amagla, volatilitenin déviz kuru fiyatlar1 tizerindeki etkisini
belirlemek i¢in hatalarin hem simetrik hem de ¢arpik olarak dagildigt ARMA-GARCH (M) modelleri ve ARMA.-
GARCH modelleri incelenmistir. Uyum iyiligi ve tahmin dogrulugu performans kriterlerine gore belirlenen en
uygun modelin, ilk olarak asimetrik ve dogrusal olmayan yapilart modelleyebilen ARMA-NAGARCH modeli ve
ikinci olarak ise ARMA-GJRGARCH modeli oldugu sonucuna varilmustir. Bununla birlikte ARMA-GARCH (M)
modellerinin performansi, ARMA-GARCH modellerine gére daha diisiik olmasi nedeniyle volatilitenin déviz
kuru fiyatlarina etkisi zayif bulunmustur.

Anahtar Sozciikler: ARIMA, GARCH Modelleri, Déviz Kuru, Ongérii, Model Degerlendirme

1. Introduction

For the investors in the financial area to make maximum profit from their investments and to guide the trade of
the firms doing business with the exchange rate, the exchange rate forecast is very important. In terms of that
Investors in financial area make maximum profit from their investments and firms doing business with exchange
rate govern their trade, the exchange rate forecast is fundamental. Accordingly, it is a critical process to determine
the method which can accurately model exchange rate prices. For this purpose, many methods are used in the
literature. For this purpose, a large number of methods are used in the literature. One of these methods is artificial
neural networks based on artificial intelligence techniques (de Oliveira et al., 2013). Although this method gives
very effective results in modelling nonlinear relationships, it does not possess an explicit functional form and thus
it is difficult to conduct further analysis by means of this method. Other time series prediction methods commonly
used are AR (Autoregressive), MA (Moving Average), ARMA (Autoregressive Moving Average) and ARIMA
(Autoregressive Integrated Moving Average) introduced by Box et al. (1994). These methods are modelled with
its lagged values, its lagged errors or their combinations. These methods are frequently utilized in time series
modelling due to their functional form and high applicability through various computer programs. However,
although these models can accurately model exchange rate prices, the issue of heteroscedasticity which is one of
time series assumptions and occurs in non-stationary time series cannot be solved by this method and thus the
predictions obtained from this model can be misleading. Heteroscedasticity problem encountered in the time series
can be solved via ARCH (Autoregressive Conditional Heteroscedasticity) introduced by Engle (1982) and
GARCH (Generalized Autoregressive Conditional Heteroscedasticity) models developed by Bollerslev (1986).
ARCH models are an effective tool in coping with the heteroscedasticity of time series. The disadvantage of this
method is that it requires a high number of parameter estimates to model volatility, causing heavy computational
load and loss of time. GARCH models are developed to handle the issue of a large number of parameter estimates
in ARCH models and so GARCH models need less parameter estimations compared to ARCH models. On the
other hand, ARCH models are modelled with only its lagged errors, while GARCH models are explained based
on both lagged errors and lagged conditional variance and indicate stability in conditional variance. Agnolucci
(2009) WTI compares the volatility forecast performance of these two models used by estimating the volatility of
crude oil futures with GARCH type models and implied models. This study determines that there exist asymmetric
effects in volatility of oil prices futures. Lim and Sek (2013) employ GARCH models to model volatilities in stock
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markets in Malaysia. In the study, pre-crisis and post-crisis periods are considered separately and asymmetric
GARCH models are more appropriate for the post-crisis period while symmetrical GARCH models performed
better for pre-crisis period. It is also determined that exchange rates and oil prices have a significant impact on
the volatility of the Malaysian stock markets. Studies via GARCH models are performed by Teresiene (2009),
Efimova and Serletis (2014), Abdalla and Winker (2012) and Liu and Hung (2010). A hybrid method which is
called ARMA-GARCH has been developed to model the conditional mean and conditional volatility of financial
assets. This method overcomes the issue of heteroscedasticity in residuals obtained from the ARIMA model and
thus produces more accurate forecasts. Mohammadi and Su (2010) use ARIMA-GARCH model to model the
conditional mean and volatility of weekly crude oil spot prices in eleven international markets. It is concluded
that APARCH model gives better results compared to other models and conditional standard deviation is better
than conditional variance in catching the volatility of oil returns. Kang and Yoon (2013) investigate the means
and volatilities of returns of the three oil types futures through various ARIMA-GARCH models. As a result of
the out of sample performance analysis, it is concluded that a single model is not better than the others but that
the ARFIMA-GARCH maodel is better able to capture the long-term memory of the returns and volatilities. Yaziz
et al. (2013) employ hybrid ARIMA-GARCH model to forecast gold prices. This study demonstrates that this
model is very effective in modeling nonlinear structures in the series and increases the performance of forecasting.
Dritsaki (2017) investigates the returns of British pounds and the US dollar exchange rate using three types of
ARMA-GARCH models and finds out that ARIMA-EGARCH model that is distributed Student t is the best in
modeling the return and volatility of the related exchange rate. Gupta and Kashap (2016) models and forecasts
the INR/GBP exchange rate via the hybrid ANN-GARCH approach. Atabani Adi (2019) models RMB/USD
exchange rate return volatility using GARCH-type approaches. Epaphra (2016) employs the GARCH and
EGARCH methods to model TZS/USD exchange rate volatility. Caporale and Zekokh (2019) investigate the
volatility of cryptocurrencies through Markov-Switching GARCH models. Abdullah et al. (2017) models and
foracasts the USD/BDT exchange rate using GARCH models where errors are normal and Student t distributed.
They also compare the performances of the models used. Pahlavani and Roshan (2015) use ARIMA and hybrid
ARIMA-GARCH models to forecast the IRR/USD exchange rate. It then compares the performances of the
models used.

This paper aims to investigate the USD/TRY exchange rates in a wide perspective by using ARIMA-GARCH
models. It tries to determine the most fitted model by assuming different distributions of errors and also analyzes
the effect of volatility on USD / TRY exchange rate prices. For this purpose, the model that forecasts the best
exchange rate is estimated via different ARMA-GARCH models. The best fitted model selection is performed
using both goodness of fits based on all sample and the measures of out of sample performance and thus more
accurate forecast model is chosen in this way. On the other hand, the exchange rate prices are better modelled by
approaching with both asymmetric and nonlinear models and the model selection is made with more accurate
prediction results.

The rest of the paper is designed as follows. Section 2 describes the ARMA-GARCH methodology and its
different types. Section 3 presents model adequacy and the performance measures of forecast accuracy used in
the study. Section 4 gives the experimental results obtained from the study. Finally, Section 5 includes the
conclusion which summarizes the contribution and important results of the paper.

2. ARIMA-GARCH Models

ARIMA (Autoregressive Combined Moving Average) models Introduced by Box and Jenkins (1976) are time
series forecasting methods commonly used in many areas, especially statistics. This method produces forecasts
based on the autocorrelation structure in the time series and is defined as follows:

P q
Ve =u+ Z QiVe-i + z Ojer_j+ & €Y)
i=1 =
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Here, , ; and 8; are constant term, ith autoregressive coefficient and jth moving average coefficient respectively
and g, is error term at t time. Moreover, p and g represent autoregressive and moving average term order in turn.
Modeling the time series via ARIMA method is performed in four stages. First, the model structure is determined
by the autocorrelation (ACF) and partial autocorrelation (PACF) functions which are informative on the
characteristic structure of the time series. Second, model parameters can be estimated by the maximum likelihood
method. In the third stage, it is checked whether residuals obtained from the estimated model is a white noise
process. Finally, future values are forecasted by means of estimated model. It is noted that longer forecast period
is, less accurate the forecast is. In traditional ARIMA models error term g, should be zero mean and
homoscedasticity as well as uncorrelated. When the time series exhibit the conditional heteroscedasticity, the
application of ARCH models proposed by Engle (1982) provides more accurate forecast values. ARCH models
deal with the serial correlation in time-varying volatility. However, the model does not produce effective results
when it is necessary to estimate a large number of parameters in ARCH models. Bollerslev (1986) developed
GARCH (Generalized Autoregressive Conditional Variable Variance) models which are generalizations of ARCH
models. In this model, conditional variance takes into account not only the lagged errors but also the value of the
lagged conditional variance. The general structure of the GARCH maodel is defined as follows:

St = O-tZt (2)
m n

or=a +2Biaf_i +25jstz_j 3)
i=1 j=1

Where, «, B; and §; are described as a constant term, ith GARCH parameter and jth ARCH parameter,
respectively and these parameters are non-negative values. In the GARCH model given in Eq. (3), the effect of
the €, shocks is symmetric. That is, positive shocks with the same magnitude negative shocks have the same effect
on volatility. The ARIMA-GARCH approach has been developed to handle the serial correlated residuals
encountered in ARIMA models. This model allows the modeling of both the conditional means and the volatility
of the series. In addition, this approach provides more accurate forecast values and higher forecast performance
compared to ARIMA models. There are many types of GARCH models in the literature. Investigation extensively
for the most fitted model among these models and determination of the best suitable GARCH model are crucial
process in the time series forecasting. Some of the GARCH models can model symmetric time-varying volatility
while others model asymmetric volatility and leverage. By investigating comprehensively GARCH models, the
features of the time series can be determined more accurately.

Alternative GARCH models are Threshold GARCH (TGARCH) (Zakoian, 1994), Glosten-Jagannathan-Runkle
GARCH (GJRGARCH) (Glosten et. Al., 1993), Exponential GARCH (EGARCH) (Nelson, 1991) and Nonlinear
Asymmetric GARCH (NAGARCH) (Engle and Ng, 1993). These models are able to capture asymmetric
structures and leverage that the standard GARCH model cannot capture. For instance, consider the GIRGARCH
model developed by Glosten et al. (1993):

m n n
Or = Qa +z,8i0't2_i +Z6]€t2_] +Zyjet2_11t_] (4)
i=1 ]:1 ]=1

Here, I is a indicator function and is described as follows:

I _ 0, St_jZO 5
t=j — {1, St—j <0 ( )

GJRGARCH model can also model asymmetric effects. If y; > 0 there is a leverage effect. That is, it means that
the effect of negative shocks (§; + y;) in modeling volatility it is greater than the effect of positive shocks (8;).
The NAGARCH model, which can model asymmetric and nonlinear effects, can be defined as follows:
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m n
o =a+ Z Biol; + Z 8i(er—j — vjor—j)* (6)
=1 =

In this paper, the effect of conditional volatility of exchange rate on the average of exchange rate with GARCH-
in-mean (GARCH-M) models is also investigated.

In order to determine the effect of conditional volatility on GARCH (M) models, the term of conditional
heteroscedasticity is added to mean equation. For example, the mean equation with the GJRGARCH model
defined in Eq. (4) can be written as follows:

p q

Ye = U+ Z QiYe-i T+ Z Ojer_j +no + & ™
i=1 j=1

Here, n is a parameter that measures the effect of volatility on the mean of the time series. n parameter which is
statistically significant n means that volatility has a substantial effect in explaining the behavior of exchange rate.

3. Model Sufficiency and Accuracy of Prediction

3.1. Evaluation of model sufficiency

Accuracy of model sufficiency is evaluated in two part. In the first part, goodness of fit measures calculated based
on all sample are investigated. This measures are AIC (Akaike, 1973) and BIC (Schwarz, 1978) and these are
evaluated according to log likelihood. The model that has the smallest AIC and BIC values is determined to be
best fitted model to data. In the second stage, assumptions related to residuals from estimated model are tested.
To this end, both autocorrelation (ACF) and partial autocorrelation (PACF) functions are investigated and
autocorrelation tests such as Ljung-Box are applied to the residuals.

3.2. Evaluation of accuracy of prediction

Evaluating the performance of prediction accuracy also contribute to select the best model for the data along with
goodness of fit measures. Prediction accuracies of various model used are analyzed via these measures. In this
paper, four performance measures are utilized and these are mean absolute error (MAE), root mean square error
(RMSE), mean absolute percentage error (MAPE) and Theil’s inequality coefficient (TIC). Prediction
performance measures are calculated as follows:

ZE=1|et|
Mean absolute error (MAE) =

2
’e
Root mean square error (RMSE) = Tt

Mean absolute percentage error (MAPE) = ———

g
T

1 1 ~
JEsavi+ [t

Theil’s inequality coefficient (TIC) =

Where, e, =y, — ¥ and T represents length of test data. mean absolute error (MAE) and root mean square error
(RMSE) are sensitive to the scale of variables. That is, they should be used to measure performances of the same
variable in different models. On the other hand, mean absolute percentage error and Theil’s inequality coefficient
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don’t depend on variable’s scale and thus they are commonly utilized for both the same variable and different
variables. The models with smallest prediction errors are indicated as the best fitted model.

4. Emprical Findings
4.1. Data description

In this study, daily USD/TRY exchange rate is used. The data set consists of 746 observations ranging from
01/01/2016 to 31/12/2018 and is demonstrated in Fig. 1. To evaluate the accuracy of the estimation, data set is
divided into two parts: training data and test data. The training data comprises of 597 observations and this
includes approximately 80 percent of all data. The remaining is considered as test data and consists of 149 data.

USD/TRY

35 =

25 1 1 ] 1 1
2016 2016.5 2017 2017.5 2018 2018.5 2019

Date
Figure 1: Observed Values of USD/TRY

When viewed Fig. 1, USD / TRY exchange rate has generally an upward trend and this suggests that the series
have nonstationary features. However, it exhibits more volatile progress since 2017 while there is an almost
constant price movement throughout 2016. The exchange rate reaches the peak point in the second half of 2018
and this period is considered as breaking period for Turkey's economy. After this period, the USD/TRY exchange
rate begins quickly to decline and the Turkey’s economy gradually moves to normalization period.

Table 1: Descriptive statistics for USD/TRY exchange rate

Statistics Value
Mean 3.8334
Median 3.6253
Std. Dev. 0.9071
Min. 2.7955
Max. 6.8834
Skewness 1.2580
Kurtosis 0.9362
Observations 746

Descriptive statistics belonging to the USD/TRY exchange rate are presented in Table 1. According to this table,
USD/TRY exchange rates show more right skewed and excess kurtosis distribution than normal distribution. This
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indicates that the exchange rate is not normally distributed. Therefore, Student t and skewed Student t distributions
are investigated in time series forecasting models used in the study. A research in broad perspective is carried out
for ARMA-GARCH models that can model the exchange rate. While the standard GARCH model can model the
symmetrical effects in volatility, alternative GARCH models can model asymmetric effects over time in volatility.
For this reason, including alternative GARCH models to the study leads to obtain more accurate results.

Table 2: Evaluation of goodness of fit for ARMA-GARCH models

Model AIC BIC

EGARCH-ST -6.6068 -6.5387
EGARCH-ST-M -6.6031 -6.5288
EGARCH-T -6.6128 -6.5509
EGARCH-T-M -6.5953 -6.5271
GJR-ST -6.5997 -6.5316
GJR-ST-M -6.5991 -6.531
GJIR-T -6.6012 -6.5293
GJIR-T-M -6.5916 -6.5334
NAGARCH-ST -6.6224 -6.5543
NAGARCH-ST-M -6.6198 -6.5454
NAGARCH-T -6.609 -6.5471
NAGARCH-T-M -6.6018 -6.5336
NGARCH-ST -6.6108 -6.5427
NGARCH-T -6.6066 -6.5446
SGARCH-ST -6.5991 -6.5371
SGARCH-ST-M -6.5964 -6.5283
SGARCH-T -6.5916 -6.5358
SGARCH-T-M -6.5913 -6.5293
TGARCH-ST -6.6153 -6.5471
TGARCH-ST-M -6.6111 -6.5368
TGARCH-T -6.6046 -6.5427
TGARCH-T-M -6.602 -6.5338

However, volatility can also have an impact on USD/TRY exchange rates. ARMA-GARCH (M) models
developed for this purpose are analysed in the study and this paper is assessed in very broad manner. Finally, since
skewed distributions can model some financial variables better than non-skew distributions, the distribution of
errors is assumed to be Student t and skewed Student t distribution. In order to select the model that can best
model the exchange rate, goodness of fit measures based on whole data set and performance measures of
forecasting accuracy calculated based on the test data are utilized. The model with the smallest value according
to the AIC and BIC criteria calculated by regarding the number of parameters used in the model is selected as the
best model. Goodness of fit measures for the models is presented in Table 2. When the best fitted model according
to AIC values is investigated, the ARMA-NAGARCH model, in which the errors are skewed Student t distributed,
is determined as the best model and ARMA NAGARCH (M) model, in which the errors are skewed Student t
distributed, is an alternative model to ARMA-NAGARCH model. It is found that GARCH model in which the
errors are Student t distributed was the worst model. According to the BIC information criterion, the best fitted
model is ARMA-NAGARCH model in which errors are skewed Student t distributed and this model is followed
by ARMA-EGARCH model in which errors are Student t distributed. It is selected that the poor model is ARMA-
EGARCH (M) where errors are Student t distributed. On the other hand, in this paper the mean absolute error, the
square root of the error squared, mean absolute percentage error and Theil's inequality coefficient are used as
measures of forecasting performance for the best fitted model selection. The results obtained according to the
performance criteria of forecasting accuracy are demonstrated in Table 3.
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Table 3: Evaluation of model forecasting performance for ARMA-GARCH models

Model MAE RMSE MAPE TIC

EGARCH-ST 0.07651 0.129 1.36327 0.02373
EGARCH-ST-M 0.07525 0.12821 1.33816 0.02358
EGARCH-T 0.07727 0.13003 1.37276 0.02391
EGARCH-T-M 0.07715 0.13 1.37083 0.02391
GJR-ST 0.0751 0.12776 1.33461 0.0235
GJR-ST-M 0.07605 0.12869 1.35364 0.02367
GJIR-T 0.07637 0.12748 1.35813 0.02345
GJR-T-M 0.07528 0.12811 1.33873 0.02357
NAGARCH-ST 0.07623 0.12876 1.35482 0.02368
NAGARCH-ST-M 0.08236 0.13483 1.46122 0.02478
NAGARCH-T 0.07645 0.12879 1.35876 0.02368
NAGARCH-T-M 0.07687 0.12983 1.36631 0.02388
NGARCH-ST 0.07741 0.13065 1.37794 0.02403
NGARCH-T 0.07638 0.12971 1.35694 0.02385
SGARCH-ST 0.07634 0.12941 1.35871 0.0238
SGARCH-ST-M 0.0754 0.12863 1.34151 0.02366
SGARCH-T 0.07521 0.1283 1.33572 0.0236
SGARCH-T-M 0.07575 0.12883 1.34736 0.0237
TGARCH-ST 0.07589 0.12909 1.34928 0.02374
TGARCH-ST-M 0.07502 0.12784 1.3356 0.02351
TGARCH-T 0.07542 0.12813 1.33927 0.02357
TGARCH-T-M 0.07525 0.12781 1.33802 0.02351

The ARMA-TGARCH (M) model is the most appropriate model in which the errors are skewed Student t
distributed in terms of the mean absolute error value according to the value of mean absolute error value from
performance measure of forecasting accuracy used and then the ARMA-TGARCH model in which the errors are
skewed Student t distributed follows this model. The worst model is ARMA-NAGARCH (M) in which errors are
skewed Student t distributed. According to other performance evaluation criteria, the most compatible models are
RMSE, MAPE and TIC ARMA-GJRGARCH model where errors are Student's distributed, ARMA-GJRGARCH
model where errors are skewed Student, and ARMA-GIJRGARCH models where errors are distributed. When
similar evaluations are performed according to other performance evaluation criteria such as RMSE, MAPE and
TIC, the best fitted models are ARMA-GJRGARCH with Student t errors, and ARMA-GIJRGARCH with skewed
Student t errors, and ARMA-GJRGARCH with Student t errors, respectively. The model that possesses the worst
performance is ARMA-NAGARCH (M) in which errors are skewed Student t distributed in terms of RMSE,
MAPE and TIC measures. There is no single result for the best model when both the goodness of model fit criteria
and the performance criteria of forecasting accuracy are taken into account. However, ARMA-NAGARCH model
in which errors are skewed Student t distributed can be regarded as the most fitted model according to AIC and
BIC models. GIRGARCH model with Student t errors can be taken into account as alternative to the best fitted
model in terms of performance criteria of estimation accuracy and the most compatible model is Student's
GJRGARCH model. The values of estimates obtained from two candidate models are shown in Fig. 2 and Fig. 3.
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Table 4: Parameter estimates of mean equations for the best fitted models

u P1 P1 01 0,
NAGARCH 0.0007 -0.7677 -0.9874 0.7692 1.0040
(0.0001) (0.0059) (0.0020) (0.0013) (0.0003)
GJRGARCH 0.0001 -0.4387 0.4637 0.3943 -0.4797
(0.0002) (0.3213) (0.2976) (0.3162) (0.2857)

In the stage of the best fitted model selection, it is found out that conventional ARMA-GARCH model gives poor
results compared to alternative GARCH models in modelling the USD/TRY exchange rate. This may be due to
the fact that the GARCH model can only capture symmetrical effects. However, considering the most suitable
models, it is discovered that USD/TRY exchange rate has the leverage effect and an asymmetric effect that is
thought as common feature of financial assets. In addition, it is found that non-linear models have better results
in modelling exchange rates. However, it is determined that the proposed ARMA-GARCH models increased the
forecasting accuracy performance by approximately 5 % to 8 %.
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Figure 2: Actual and predicted values for ARMA-NAGARCH
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Figure 3: Actual and predicted values for ARMA-GIRGARCH

Tablo 5: Parameter estimates of variance equations for the best fitted models

a 9 B n v A
NAGARCH 0.0000 0.0076 0.5691 -7.3366 4.9695 1.2021
(0.0000) (0.0000) (0.0024) (0.0252) (0.6547) (0.0589)
GJRGARCH 0.0000 0.1547 0.8427 -0.0688 4.8944
(0.0000) (0.0405) (0.0356) (0.0536) (0.9304)

* Values in parenthesis show the standard error of the estimated parameters

Parameter estimates of the best fitted ARMA-GARCH models are presented in Table 4 and Table 5. All parameter
results are tested 5% significance level and it is found that almost all parameters are statistically significant. This
indicates that the price of the exchange rate has a changing volatility changing over time. However, NAGARCH
model, which is determined as the best fitted model, can model asymmetric and nonlinear structure in volatility
and it implies that volatility of the exchange rate has a time varying asymmetric and nonlinear effect. The fact that
skewed Student t distribution for errors is statistically significant indicates that skewed distributions are better
than non-skewed distributions in modelling the exchange rates. Both ARMA-NAGARCH and ARMA-
GJRGARCH model have persistence in volatility over time. In both models, the effects of lagged conditional
variance are rather higher than the effect of lagged errors.

Table 6: Results of autocorrelation test for residuals from best fitted ARMA-GARCH models

Q(10) stat Q%(10) stat Q(20) stat Q%(20) stat
ARMA-NAGARCH 6.2789 14.193 16.034 29.346
(0.7913) (0.1644) (0.7145) (0.08116)
ARMA-GJRGARCH 4.5341 7.9025 14.479 20.244
(0.9201) (0.6384) (0.8054) (0.4427)

It is investigated whether residuals from the best fitted ARMA-GARCH model exhibit autocorrelation by means
of Ljung-Box test and results are presented in Table 6. It is found that residuals from the best appropriate models
are identically and independently distributed such as white noise. This means that estimated models are suitable
for modelling USD/TRY exchange rate. ACF and PACF of these residuals are demonstrated between Fig. 4 and
Fig 5. and these also indicates that the residuals are white noise. On the whole, it is found out that the exchange
rate has an asymmetric and non-linear effect and alternative ARMA-GARCH models such as NAGARCH and
GJRGARCH are effective tool in modelling these feature.
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Figure 4: Autocorrelation and partial autocorrelation functions for residuals from ARMA-
NAGARCH models
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Figure 5: Autocorrelation and partial autocorrelation functions for residuals from ARMA-
GJRGARCH models

5. Conclusion

Depending on the exchange rate forecasting values, the investors make a plan to make the maximum profit from
their exchange rate investments, and the firms that do business with the exchange rate direct their trade based on
these forecasts. Therefore, the forecasts of exchange rate prices are crucial for both investors and companies
engaged in exchange rates. It is a critical process to determine the method that can accurately model behaviours
of exchange rates. The most important contribution of this study is that it includes a comprehensive model
determination process by using a wide range of methods to model exchange rate prices. ARMA-GARCH and
ARIMA-GARCH (M) models are used to model exchange rate prices and this includes many models. Model
selection is performed based on both goodness of fit measures and performance measures of forecasting accuracy.
Empirical results suggest that ARMA-GARCH models are more effective than ARMA-GARCH (M) in modelling
USD/TRY exchange rate. Moreover, it is found that alternative ARMA-GARCH models which can model
asymmetric and nonlinear effects give better results than conventional ARMA-GARCH model which can model
only symmetric effects. It is determined that ARMA-NAGARCH in which errors are skewed Student t distributed
can model the UST/TRY exchange rate and it is followed by ARMA-GJRGARCH with Student t errors. It implies
that fitting only symmetric distribution in modelling exchange rate can give misleading results. In this paper, the
prices of exchange rate are modelled based on its lagged values. However, the exchange rate depends on other
variables such as inflation rate and terms of trade. In future studies, exchange rate is investigated by adding
variables stated above as exogenous variables to the model.
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Aktiierler iklim Endeksi: Tiirkiye i¢cin Bir Uygulama

Ozet

Bu makalenin amaci, ekstrem hava ve deniz seviyesi degisikliklerinin bir dl¢iisii olan Aktiierler iklim indeksinin (AIE)
icin bir Tirkiye uygulamasini Onermektir. Endeks, iklim degisikliginin neden oldugu risklerle caligan bilim
insanlarina, uygulayicilara ve politika yapicilara, bu risklerin finansal etkilerini analiz etmelerinde yardime1 olmak
icin periyodik olarak veri ve bilgi saglamaktadir. Bu amagla, standart veri tabanlarindan elde edilen verileri kullanarak
Ankara ili i¢in AIE hesaplanmistir. Bu makalede énerilen uygulama tiim iilke kapsamina genisletildiginde, 6nerilen
hesaplama ilk olarak Kanada’da ve ABD’de gelistirilen AIE’lerinin devami olan Avrupa AIE’de yer alan tiim Avrupa
tilkelerine ek olarak Tiirkiye’nin de dahil olmasina yardime1 olacaktir.

Anahtar Sézciikler: Ekstrem Hava Riskleri, Esik Deger, Iklim Degisikligi, Referans Periyodu, Standartlagtiriimus
Anomali, Siirdiiriilebilirlik

1. Introduction

Global climate change has emerged in recent years as one of the most challenging issues confronting human society.
The “Climate Action” target, one of Sustainable Development Goals (SDGs), adopted by United Nations, aims to
strengthen resilience and ability for adaptation to hazards and natural disasters caused by climate change. As the
amount of greenhouse gases produced by human activity rises, they accumulate in the atmosphere, warm the climate,
and cause various changes in the atmosphere, on land, and in the oceans. According to the Greenhouse Gas Emission
Statistics of the Turkish Statistical Institute; energy-related emissions has the largest share in total greenhouse gas
emissions as CO2 equivalent with 72%, followed by agriculture with 13.4%, industrial processes and product use with
11.2%, and waste sector with 3.4% in 2019 in Turkey. Energy sector emissions increased by 161% in 2019 compared
to 1990 and amounted to 364.4 Mt CO2 eq. whereas industrial processes and product use emissions increased by
147.1%. In addition, agricultural sector emissions increased by 47.7% and waste emissions by 55.7% in 2019
compared to 1990. The change in the pattern and severity of weather events negatively affects sustainable production
conditions, and numerous business lines lose their attractiveness and have negative effects on the supply-demand
balance. New risk management and insurance solutions are therefore required in consideration of this reality.

Various climate factors that represent extreme weather are used to generate the ACI. The Turkish Actuaries Climate
Index (TrACI) seeks to offer data and information to insurance products that provide coverage against risks caused
by climate change and to develop a benchmark that examines the financial consequences of these risks. This paper
has a significant impact on economic and national energy security in addition to the strategic importance of climate
change in actuarial operations such as risk management, product development, pricing, reserving, and investment
decisions in the insurance sector. In this regard, developing a climate index unique to Turkey will fill a gap in the
Turkish insurance market, especially for actuarial work based on environmental risks. Sustaining this index and
providing regular updates will also contribute to the insurance industry.

As in many other disciplines, indices, which are functions that combine multiple indicators, are very useful in actuarial
sciences. Indices are efficient since they are statistically robust and easy to understand. In this paper, it is aimed to
develop ACI for Ankara by using standardized data sets in existing data sources. The ACI investigates changes in the
frequency and length (i.e. severity) of extreme temperatures (high and low temperatures, separately), as well as the
changes in heavy precipitation, drought, strong winds, and sea level.

2. Literature

The ACI was launched after a joint research project funded by four North American actuarial organizations that are
the American Academy of Actuaries (AAA), the Canadian Institute of Actuaries (CIA), the Casualty Actuarial Society
(CAS), and the Society of Actuaries (SOA) in 12 sub-regions in the US and Canada. Actuaries develop models to
examine the consequences of uncertain climatic events on the financial losses of various businesses, just as
climatologists, environmentalists, and agricultural scientists do in order to assess potential climate changes and their
impacts on the environment and agriculture. As a result, the ACI might offer actuaries trustworthy data on “extreme”
weather events, which is crucial for calculating and simulating insurance and financial risks associated with climate
change (Pan et al., 2022).
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Curry (2015) evaluates the ACI, which was initially developed over Canada and the United States, in light of the
possibility of expanding it to include the United Kingdom and Europe. Reviewing the definition and underlying
methodology of the ACI, it is concluded that no modifications are required for the UK-European ACI to be applied to
the new domain. In 2018, the North American ACI was served as a model for the Australian ACI (AACI), as well
(AACI, 2018). Kotnala et al. (2018) prepare a plan for creating a climate index for actuarial practice in India, which
is called Indian ACI (IACI), after following the discussion of the efforts made by other groups, such as actuarial
associations. Although these indices are developed with a similar goal, different underlying components of these ACI
indices prevent direct comparison.

The insurance business has acknowledged that human health, mortality, and morbidity are also tied to climate change,
in addition to property losses caused by natural disasters. Miljkovic et al. (2018) econometrically show the causality
between property damages and mortality rates once the relationship between property damages and climate variables
is established. Although there is a close relationship between index insurance and probabilistic seasonal predictions,
Carriquiry and Osgood (2012) proposes to formalize this relationship for the first time in the literature by addressing
interactions between insurance, climate forecast, and input decisions.

Moreover, Jiang and Weng (2019) focuses on the subject of climate change risk in the stock market by employing the
ACI as a proxy for climate change risk. It is obtained that the ACI trends as a type of production risk have an adverse
influence on agricultural productivity and corporate profitability of businesses involved in agriculture whereas a
considerable forecasting power of climate change is discovered on company revenues.

Pan et al. (2022) investigate the effectiveness of the ACI and suggest a method that combines linear regression and
probit regression models to evaluate and forecast agricultural losses for crop insurance and reinsurance applications.

3. The ACI Model

Advanced global climate models are utilized to predict how these indicators may change over time. The trend in public
and structured data focuses on “average” changes over a given period. Instead of average climate change, the data sets
used to develop the ACI are considered to assess the “risk” posed by climate change, which denotes the “frequency
of severe climate changes”.

The assessment of climate change using the ACI is retrospective. The United States and Canada ACI measure, on
which our study is based, incorporates data from 6 different climate indicators (ACI, 2018) given in Table 1.

Table 1. Definition of the ACI indicators

Indicator Abbreviation Definition
High temperatures T90 Temperature frequencies above the 90th percentile
Low temperatures T10 Temperature frequencies below the 10th percentile

Heavy rainfall P Maximum monthly rainfall for five consecutive days
Drought D Maximum consecutive dry days in a year

High wind w Wind speed frequencies above the 90th percentile
Sea level S Changes in sea level

3.1. The Calculation of Standardized Anomalies of ACI Components

The difference between a quantity and its average value throughout a reference period, divided by the quantity's
standard deviation over the reference period, is the standardized anomaly (Curry, 2015).

The change in the frequency of warmer temperatures above the 90th percentile (T90) and colder temperatures below
the 10th percentile (T10), relative to the reference period, are referred as the extreme temperature components. Since
T10 is often lower than it was during the reference period due to the recent warming of temperatures, the sign of T10
is inverted in the calculation of the ACI in order to reflect its contribution to increased risk in the temperature
distribution accurately. The melting of ice, the spread of diseases, and the population of pests and insects that were
previously less likely to live at colder temperatures all contribute to a rise in the ACI’s value as a result of the decrease
of cold extremes.
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In particular, the monthly frequency of daily maximum (i.e., often daytime) and minimum (i.e., typically nighttime)
temperatures that fall below the 10th and above the 90th percentiles of the probability density function are used. These
components, which are determined for the reference period, are summarized in Table 2 more specifically.

Table 2. Explanation of the frequencies of extreme surface temperatures

Notation Explanation
TX90 The number of days above the 90th percentile of high temperatures
TX10 The number of days below the 10th percentile of high temperatures
TN90 The number of days above the 90th percentile of low temperatures
TN10 The number of days below the 10th percentile of low temperatures

The variations in exceedance frequency, or anomalies, are calculated as the difference between the exceedance
frequency (TX90) and the mean of the exceedance frequencies of the related component determined across the
monthly reference period, pu..¢(TX90). In addition, the standardized anomaly accurately determines how much of the
variation is significant relative to the underlying degree of variability for each quantity, that is calculated by
0ref(TX90).

On the other hand, the correlation between warm/cold days and nights must be taken into consideration. In order to
prevent the temperature components of the ACI from being over-weighted, the average of warmer (colder) days and
warmer (colder) nights are used. Therefore, the following equations appear to be the standardized anomaly of high
and low temperatures, respectively.

_ 1 (TX90~ptyer(TX90) TN90—uref(TN90))

T905a = 2( Oref(TX90) Oref(TN90) @)
_ 1 (TX10~per(TX10) TNIO—uref(TNlo))

T105a = 2( Oref(TX10) Oref(TN10) 2)

The highest 5-day rainfall (Rx5day) in the month, which measures flood risk (P), and the highest number of
consecutive dry days (CDD) in a year with less than 1mm of daily precipitation, which measures drought (D), are the
components of precipitation. Similar to how it is done for each of the other components, differences between the 5-
day rainfall maxima and the number of consecutive dry days and their corresponding average values during the
reference period are calculated for each month.

As the first component of precipitation, Rx5day is the maximum of 5 consecutive days of precipitation in the relevant
month, i.e. Rx5day = max(R;) where R; is calculated with the following formula.

Ti+Tipr t gz Tz s 51=1
Ry =14 Timg + 7+ Tigq T Ty T 14350 =2 ®)
Tip+ T+ 1 +Tip1 + 74 2<i<n-—2

Here, r;;i = 1,2, ..., n is the precipitation amount of the i*" day where n is the number of days in the relevant month.

As the second component of precipitation, the maximum number of consecutive dry days in a year, or CDD (k), is
used to determine the severity of a drought. Since the number of consecutive dry days per year could only be calculated
as one value per year, unlike the temperature and rainfall components of the ACI, monthly values are obtained by a
linear interpolation technique. Dry days are defined as those with less than 1 millimeter of precipitation. By using
linear interpolation, as shown in the following equation, monthly values are derived for each month j, year k (ACI,
2018).

17



Citation / Atif: Nevruz E., ATICI R.Y., YILDIRAK K. (2022). Actuaries Climate Index: An Application for Turkey. Istatistik Arastirma
Dergisi, 12 (2), 14-25.

@a2-j)

CDD(j, k) = { 12

CDD(12,k — 1) + IL'ZCDD(12,k) =12, ..,11

. 4
CDD(k);j = 12

Hence, the standardized anomaly of the monthly highest 5-day rainfall and monthly highest number of consecutive
dry days are given in Equation (5) and (6), respectively.

__ Rx5day—puref(Rx5day)

PStd B oref(Rx5day) ®)
__ CDD—pref(CDD)
Pswa =2 (con) ®)

In addition to the temperature and precipitation components, wind power component is also included in the ACI.
Using the formula WP = % pw?3, where w is the daily mean wind speed and p is the air density, which is assumed to
be constant at 1.23 kg/m? for the North American ACI case and is 1.3 kg/m3 at sea level, the values of the daily
wind speed data are converted to wind power (W P). Wind power is chosen because it has been demonstrated that the
effects of strong winds, i.e. damages, are proportional to WP rather than to w. The 90th percentile of wind power
(WP90), across the monthly reference period is determined using the same procedure mentioned above. The following
equation represents the standardized anomaly of the wind power.

WP90— iy (WP90)
Weta =
O'ref(WP90)

()

Lastly, it is considered that the sea level (S) component should also be included in the ACI for coastal regions. Tide
gauges monitor sea level relative to the land below, but as the land is shifting, they might not accurately reflect the
current sea level. The ACI sea level component evaluates the combined influence of the generally rising seas and the
rising/dropping land on coastal shorelines. The standardized anomaly of the sea level is given as follows.

_ S—pref(S)
SStd - Uref(S)

®)

The percentage of coastal grid points relative to all grid points in a region is known as fs in the gridded representation
of the UK-European ACI (Curry, 2015). Due to the fact that the variable f;, 0 < fg < 1 only affects a small portion
of the continent’s or a specific region’s total area, it is included as an adjustment to the sea level contribution to the
ACI which is shown in Equation (9).

3.2. The ACI as a Compound Indicator

The complexity of data-based studies prompts researchers to combine many indicators into a single index
(Bruggemann and Patil, 2010). Although weighted sums are frequently used to aggregate data, there are certain
drawbacks and difficulties of selecting appropriate weights in order to calculate the compound indicator. First of all,
the aggregation could lead to the loss of indicator information, i.e. the information collected in a single compound
indicator gets interlaced. When multiple indicators have the same characteristics, it may be undesirable for decision-
makers to give them more weight than needed.

As aresult, compound indicators’ ability to offer an efficient metric system of measurement is particularly beneficial
(Bruggemann and Patil, 2011). The ACI, a compound index as a function of the components introduced in Section
3.1, is defined as follows.
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ACl = mean(Tgostd — T10g¢q + Pstqg + Dsta + Wseq + fSSstd) 9)

There, the usage of standardized anomalies offers a useful method of integrating these indicators in an easy-to-
understand and relevant way. The method maintains the accuracy of the component values while allowing the
combination of such fundamentally dissimilar numbers in a single index. The standardized anomaly for any given
indicator represents how abnormal that month’s or season’s value is in comparison to that period’s mean and standard
deviation. As a result, each component uses the same notation of subscript “std”, and is expressed in units of the
standard deviation of that parameter. This adheres to the approach suggested by Hansen et al. (1998).

4. Application

In this study, the ACI, which is utilized in North America and Australia and being built in Europe and India, has been
calculated for Ankara, the capital city, as a pilot application for Turkey. The components of the ACI defined in Section
3.1 are taken from the NASA POWER gridded data set which is available online (https://power.larc.nasa.gov/). We
searched data for climatic variables used in the ACI, which are high and low temperature, precipitation, consecutive
dry days, wind and sea level, and we used data from 1981 to 2021 in our analyses.

The ACI does not include a sea level component since Ankara lacks an oceanic shoreline, which means we take fs =
0 in Equation (9). The mean of the other components is used to determine the ACI for Ankara as in Midwest (MID)
region for North America ACI case, i.e.

1
ACI = 2 (T904tq — T105q + Pssa + Wyt + Dsta) (10

Equation (10) is used in order to calculate the ACI for Ankara as an application in our study.
4.1. The Calculation of the ACI

In order to calculate standardized anomalies of the variables, a reference period must be determined first. We decide
to use the years 1981 to 2010 as our reference period due to the lack of information, and because of the fact that it is
more recent and that Australian ACI and UK-European ACI also use this range. All calculations are made using R
programming in this study.

4.1.1. Threshold Determination for Extreme Weather Variables

In order to determine the frequency of extreme weather events, threshold values were computed for the variables in
Equation (10). Once the threshold values are determined, it indicates the frequency of extreme weather by the number
of days that fall below the 10th threshold value and exceed 90th threshold value of the relevant climate variable.

If we examine each climate variable in Equation (10) individually, the frequency of the extremes (the number of days
exceeding 90% threshold values) for the variable T90,.4 are indicated as TX90 and TN90 given in Equation (1)
whereas the frequency of the extremes (the number of days falling behind 10% threshold values) for the variable
T10.4 are indicated as TX10 and TN10 given in Equation (2). Similarly, the frequency of the extremes (the number
of days exceeding 90% threshold values) for the variable W4 is indicated as W P90 given in Equation (7). Apart from
these variables, for P4 and Dg.4, We calculate Rx5day using Equation (3) and CDD using Equation (4) instead of
threshold determination.

Zhang et al. (2005) propose to use 5CD technique which was utilized to determine the threshold required to identify
extreme weather events. According to this method, data from five consecutive days centered on the day of interest are
used to estimate thresholds. When a typical 30-year base period is adopted, the daily thresholds are, in fact, percentiles
computed from samples of no more than 5 x 30 = 150 days of data.

As an illustration, for determining the threshold value to be used to determine whether an extreme weather situation
occurs for a variable on January 12, the values on January 10, 11, 12, 13, and 14 are taken for each year over the
complete reference period of 30 years. When the values of these 150 days are ordered as y; < y, < =+ < y15 < +++ <
Y135 < -+ < Y150 Where y; denotes the value of the i*" order statistics, the value of the 15th day (150 x 0.10 = 15)
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is the 10% threshold value whereas the value of the 135th day (150 x 0.90 = 135) is taken as the 90% threshold
value.

4.2. The Analysis of the ACI and Its Components

Extreme weather variables, which are single components of the ACI, and the ACI generated by combining them will
be addressed in this section. Before calculating the ACI, we firstly present the descriptive statistics of the raw data of
the climatic variables included in the ACI, which are wind speed, wind power, high temperatures, low temperatures,
and total precipitation, respectively.

Table 3. Descriptive statistics of raw weather variables

Descriptive w wp T90 T10 P
Statistics (m/s) (W) (°0) (°0) (mm)

n 14,976 14,976 14,976 14,976 14,976
Minimum 0.6 0.13284 -10.32 -23.43 0
Maximum 11.23 870.9923 39.83 22.07 49.88
1.Quartile 2.32 7.679608 7.79 -2.03 0
3.Quartile 3.94 37.61524 25.39 10.6 0.67
Mean 3.247715  32.8642  16.53928 4.018337  1.115182
Median 3.03 17.10815 16.77 4.1 0.03
Stdev 1.306309 51.38992  10.2714 7.6323 2.800158
cv 0.402224 1563705 0.621031 1.899368  2.510943
Skewness 1.147054 5548769  -0.07774 -0.18279  4.679596
Kurtosis 2.273153 4959994  -1.06211 -0.74701  33.55473

The temperature anomalies, which are calculated as a combined indicator of high and low temperatures, are two
important components of the index. These factors stand apart from the others since they have an integrated effect on
the index. For this reason, the graph below shows a composite temperature indicator. The five-year moving average
of T904.4 and T104.4, Which are standardized anomalies for high and low temperatures, and the composite indicator
of these two (T904,q — T1044) are given in the chart below.

=
n

Composite

0.0-

1980 1990 2000 2010 2020
Years

Composite = T10std T90std

Figure 1. The five-year moving average of standardized anomalies of high and low temperatures and their
composite indicator
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As seen in Figure 1, Ankara has experienced increasingly extreme temperatures since the start of the reference period.
The fact that standardized minimum temperatures, T10.4, have been declining under zero since the end of the 1990s
indicates that extreme minimum temperature observations have become less frequent than they were during the
reference period, while extreme maximum temperature observations have become more frequent than they were
during the reference period.

Having calculated the standardized anomalies of the each component in Equation (10), the ACI for Ankara is
calculated. The five-year moving average of the ACI is represented as follows.

Reference Period 1981-2010

ACI
=

1980 1990 2000 2010 2020
Years

. 5 year moving average . ACI

Figure 2. The ACI (the five-year moving average and monthly) for Ankara

Figure 2 shows that the ACI averages zero for the 1981-2010 reference period. The graph demonstrates that the
average ACI remains close to zero, indicating that an increase in the frequency of climate extremes is not expected
for Ankara in the future.
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Figure 3. The ACI (monthly) and its components (monthly) for Ankara

5 Year Moving Averages of Indices and ACI
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Figure 4. The five-year moving average of the ACI and its components for Ankara

According to Figures 3 and 4, it is seen that all components except T104,4 move in the same direction as ACI. The
symmetry of T104.4 Over the x-axis also moves in the same direction as ACI since T10.4 joins to ACI formula with
a negative sign. In this context, it may be concluded that no component has a greater impact on the ACI than the others
by examining the ways in which the indicators affect the ACI collectively. This outcome is not unexpected given that

the index is determined by taking the arithmetic mean of its components rather than the weighted mean.

In addition to the graphical representation, the descriptive statistics of the monthly ACI are also illustrated in the

following table.
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Table 4. Descriptive statistics of monthly ACI for Ankara

£ 5 . .

g& g g g g g 5 E Z g g 2 g
Minimum -0.9117 -0.9075 -1.0136 -0.8369 -0.7231 -0.8472 -1.0530 -0.7209 -1.0649 -0.8566 -0.7440 -1.2551
Maximum 1.2991 0.7972 1.1359 0.9545 1.2091 0.8549 0.9233 0.7914 1.2224 1.1305 0.8636 1.7190
1.Quartile -0.4606 -0.3194 -0.2630 -0.3566 -0.2703 -0.2755 -0.2919 -0.2743 -0.3267 -0.3291 -0.2746 -0.3246
3.Quartile 0.4147 0.3788 0.4058 0.2495 0.3196 0.1999 0.2609 0.2677 0.3887 0.2274 0.2445 0.1894
Mean -0.0311 0.0316 0.0795 -0.0309 0.0413 0.0197 -0.0371 0.0265 0.0356 -0.0310 -0.0463 -0.0326
Median -0.1386 0.0942 0.1285 -0.0569 0.0378 0.0464 -0.0420 0.0602 -0.0158 -0.1595 -0.1271 -0.0974
Stdev 0.5541 0.4519 0.4780 0.4157 0.4173 0.3987 0.3812 0.3537 0.4949 0.4605 0.3845 0.5179
cv -17.8392 14.3049 6.0162 -13.4437 10.0993 20.2010 -10.2877 13.3490 13.8905 -14.8501 -8.3015 -15.8834
Skewness 0.3813 -0.2768 -0.0762 0.0949 0.3764 0.2013 -0.2567 0.0660 0.4467 0.4553 0.2912 0.7727
Kurtosis -0.6596 -0.9427 -0.4860 -0.6298 -0.1414 -0.5294 0.1861 -0.6276 -0.1173 -0.4951 -0.5445 1.8387

4.2.1. Time Series Analysis of the ACI

Beside the graphical and statistical analysis of the ACI, time series modeling is considered helpful for future
forecasting. Using the values of the ACI from January 1981 to December 2021, we find that the series is stationary
based on the Augmented Dickey-Fuller test since p = 0.01 < 0.05 where alternative hypothesis represents
stationarity. In this situation, it is possible to analyze the series without any differencing.

Table 5. Fit results of time series models

Models BIC AlIC Log-Likelihood
ARIMA(0,0,1) 577.37 564.77 —279.39
ARIMA(1,0,0) 568.31 555.72 —274.86
ARIMA(1,0,1) 547.23 530.44 —261.22
ARIMA(2,0,1) 552.81 531.82 —260.91
ARIMA(1,0,2) 552.67 531.67 —260.84
ARIMA(3,0,1) 556.10 530.91 —259.46
ARIMA(1,1,1) 564.49 547.71 —269.49

552.79 531.79 —260.90

ARIMA(2,0,1)(1,0,0),

When we examine the models that can be applied for the ACI series, the ARIMA(1,0,1) model is the best model
according to the BIC and AIC information criteria, and ARIMA(2,0,1)(1,0,0),, could be the most suitable model
according to the log-likelihood. In addition to these, it is necessary to check whether the errors are white noise
processes. The following table represents the results of Ljung-Box Test.

23




Citation / Atif: Nevruz E., ATICI R.Y., YILDIRAK K. (2022). Actuaries Climate Index: An Application for Turkey. Istatistik Arastirma
Dergisi, 12 (2), 14-25.

Table 6. Ljung-Box test results

Models X-squared p-value
ARIMA(1,0,1) 0.32798 0.5669
ARIMA(2,0,1)(1,0,0),, 0.00444 0.9468

According to the results in Table 5 and Table 6, the most suitable model for the series is the ARIMA(1,0,1) model.

5. Conclusion and Further Study

Insurance companies need to be able to adequately price, pool, and spread risk in order to remain sustainable.
However, as climate parameters change, modeled losses become more unpredictable. This makes it more difficult for
insurers to recognize their tail risk, or the possibility that significant catastrophic losses could endanger solvency. To
determine whether there is an increasing occurrence and risk of weather extremes, insurers must consider the
frequency of severe weather. However, the majority of climatic data is presented as averages throughout time, which
insurance actuaries do not find useful. The ACI studies appear to be effective to measure the anomalies that could be
seen as the indicators of climate-related actuarial risks.

According to the existing studies and the results of this paper, it must be noted that the primary problem of obtaining
ACI is choosing the best gridded dataset for the weather extremes rather than altering how the index is formulated.
Therefore, our aim for further studies is to extend our application from Ankara to Turkey.

The potential uses of the ACI could be summarized as insurance applications (developing and pricing new insurance
products and improving the measurement of tail risk), practices of businesses and financial institutions (developing
and pricing new climate-related financial instruments and improving own risk management skills), and government
administration (improving preparation and budgeting for disasters and “Climate Action” as a SDG) (Kotnala et al.,
2018). Therefore, the ACI can be altered by including components specific to the area of interest for future
computations that are more detailed, such as the hail component for car insurance. This suggestion could be handled
in the context of Actuaries Climate Risk Index (ACRI).

More specifically, it is thought that in further research, a classification on a regional basis would be made in order to
extend this application for Ankara to the entire country. In terms of sales and marketing, it is anticipated that using
Turkey’s existing seven geographical regions will be more practical; nonetheless, the Képpen climate classification
(see Lohmann et al., 1993 for detail) appears to be one of the most useful techniques for reflecting geographical
information.
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Abstract

Ridge Regression is a very common way of the remedies for dealing with the “multicollinearity problem” in
multiple regression analysis. Although it can provide much more consistent estimates than the ordinary least
squares does, there is still a problematic issue in the use of Ridge Regression, which is the choice of biasing
parameter K. In this study we propose the use of some Artificial Intelligence Algorithms, such as genetic and
differential evolution, for choosing the optimal k value by not allowing to increase too much the mean absolute
prediction error while reducing the variation inflation factors and condition humber.
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Ridge Regresyonda Yanhlik Parametresi k’nin Belirlenmesinde Genetik ve
Differansiyel Gelisim Algoritmalarinin Performanslarina Dair Bir Karsilastirmasi

Ozet

Coklu regresyonda karsilagilan “coklubaglanti” problem i¢in en yaygin olarak onerilen yaklasim Ridge
Regresyondur. Ridge regresyon en kiiciik kareler yonteminden daha tutarli tahminler saglamasina ragmen
yanlilik partametresi k’nin belirlenmesi hala ¢oziilmesi gereken bir meseledir. Bu ¢calismada optimal k degerini
bulmak i¢in Yapay Zeka Tekniklerinden olan Genetik Algoritma ve Diferansiyel Gelisim Algoritmasi
‘min kullanimi 6nerilmigtir. Bu yaklagimlarin uygulanmasinda varyans bilyiitme faktorii ile sartli say1 gibi
¢oklubaglanti probleminin teshisinde kulanilan gostergeler kiigiiltiilmeye caligilirken ortalama mutlak yiizdelik
hatanin ¢ok bityiimemesini kontrol altinda tutarak algoritmalar gelistirilmistir.

Anahtar kelimeler: Ridge Regresyon; Genetik Algoritma, Differansiyal Gelisim Algoritmas:, Ortalama
Mutlak Yiizdelik Hata, Varyans Biiyiitme Faktorii, Sartl Say

Introduction

Multiple Regression analysis is a most powerful statistical tool for evaluating the relationship between the
dependent variable and the explanatory variables. If it is believed that true relationship between the dependent
variable and the independent variables is linear then the model

Yi = Bo + P1X1; + -+ BpXpi + &

, Which is called a multiple regression model, can be used. This model makes some assumptions on the random
error term. These assumptions are that errors have zero mean, E(g;) = 0, and constant variance Var(g;) = o2,
and are mutually uncorrelated Cov(ei,ej) = 0for i #j. One another important assumption of the multiple
regression model is that there are no any severe or exact linear independencies among the explanatory variables.
When you study the real life problems with too many explanatory variables, the linear dependencies among the
independent variables can be inevitable. In that case ridge regression can provide biased but much more
consistent estimates. This technique is firstly introduced by Hoerl and Kennard (1970 a,b). They provided to
decrease the variances of the parameters estimates by adding a positive small number to the diagonal element of
the design matrix. Since then many researchers worked on it. As mentioning very briefly these are Hoerl A.E.,
Kennard R.W., Baldwin K.F. (1975), Hoerl A.E., Kennard R.W. (1976), Vinod H.D. (1976), Gibbons D.G.
(1981). There are some other papers which contributes on the choice of k value. For example; Mardikyan S.,
Cetin E. (2008), Praga-Alejo et al (2008), Ahn, J.J, et al (2012), Khalaf G. And Shukur G.(2005), Kibria B.M.G.
(2003), Muniz G. Et all (2012). Uslu V. R et al (2014).

Multicollinearity

Multicollinearity is one of the serious problems in multiple regression analysis and depicts a condition in
which two or more explanatory variables in the multiple regression model are highly linearly related with one
another. Since the case happens, the struggling with this problem is very important. In multiple regression
analysis the multicollinearity problem is defined as follows;

Let X;, X5, ..., X, be explanatory variables and a;, a,, ..., a,, scalars which at least one of a; is not zero. If the
relationship

G Xy +aX; + -+ a,X, =0

exits, where = denotes approximate equality, then the situation is referred as the multicollinearity problem.
Multicollinearity implies that X'X is near singular and at least one eigenvalue is very close to zero. In this case
X'X can be invertible then the parameter estimates can be found but their standard errors are very large than it
should be. High variances of the regression coefficients may drastically reduce the precision of estimates. As a
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result of this some variables may be excluded from the model because they are not significant in the sample even
though they are important in the population. Therefore, the detecting of this problem is very important.

There are some diagnostics to detect it: These are;

. Variance Inflation Factors (VIF;): This measure calculated for each explanatory variables is actually the
corresponding diagonal element of the inverse of the correlation matrix (X'X) of explanatory variables.

VIF; =1/(1—-R})

where Rj2 is the determination coefficient of the jth explanatory variable regressing on the remaining variables.

The general rule of thumb there is a serious multicollinearity problem on the data set if one or some VIF values
are greater than 10. (Wooldridge, J. M, 2000)

. The eigenvalues of the correlation matrix(X'X) : Let 14, 4,, ... ... , A, be the eigenvalues of the correlation
matrix. If there is one or more severe collinearity between the columns of matrix X, this causes some of the
eigenvalues to be very close zero. In a very ideal case, which is the orthogonality between columns of X, the
sum of invers of eigenvalues is equal to the number of the explanatory variables

p 1 _

=1, ~ P
As the sum is going apart from p then the severity of multicollinearity is increasing (Belsley, Kuh and Welsch,
1980).

Condition Number: It is defined as the ratio of the maximum eigenvalue to the minimum eigenvalue. If it lies
between 30 and 100 it signs a moderate multicollinearity and is greater than 100 the data has a severe
multicollinearity problem

A
Condition Number(CN) = —= < 30

min
. where A4, and A,,,;,, is the maximum and minimum eigenvalues of the correlation matrix, respectively (Belsley
etal, 1980).

. Ridge Regression

The multiple regression model is given by
Y=XB+e @)

In presence of multicollinearity there are several remedies that we can apply, for avoiding from its undesirable
effects on the estimates. Ridge regression is one of the remedies mostly employed. It was firstly proposed by
Hoerl and Kennard (1970 a, b). In this method the estimates of the regression coefficients are obtained with a
little bias guaranteed a smaller variance by adding a very small positive number in the diagonal elements of X'X.
While the least squares estimators of regression coefficients are

B=XX)XY 2
the ridge estimators are introduced as
Br= X'X +kDX'Y (3)

where k is a very small constant determined by the researcher. Here (X’'X) is in the correlation form. Gauss
Markov Theorem states that under the standard assumptions about errors; such as errors have expectation zero,
are uncorrelated and have the equal variances; the least squares estimators of the parameters of the model in (1)
are linear, unbiased and have the minimum variances. But there is no guarantee that the variance of B will be
small. For this purpose the ridge estimator estimates B with a bias but a smaller variance than the least squares
estimators’ one. The mean squared error of B we can easily see that

MSE(Br) = E(Bx — B)" = Var(Bg) + [E(Bx) - B]” )
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can be made small than the mean squared error of B which is equal to variance of B since there is no bias in it.
The ridge estimator is actually the linear transformation of the least squares estimator.
Br = X'X+kDIX'Y
=X'X+kDY(X'X)B =ZB (5)
The expected value of ridge estimator tells us that it is also an biased estimator of g.
E(Br) =E(ZB) =28 6)
The variance-covariance matrix of By is
Var(f?R) = Var(Z[?) = ZVar([?)Z’
=Z(e*X'X)"H)Z'
=c?(X'X+ kD' X' X)(X'X + kD)1 )
Furthermore, VIF values based on the ridge estimators are defined as the diagonal elements of the matrix
X'X+kDIX'X)X'X + kD)1

On the other side since the least squares estimator is unbiased, the mean squared error will be the variance of the
estimator.

MSE(B)=E(B-B) (B-B)=TrVvar(B)

= o’Tr(X'X)"! = o? Z?:ulj (8)

where 4; is the ji" eigenvalues of X'X . Contrarily the mean squared error of ridge estimator is decomposed
into two parts as below.

MSE(Bg) = Tr Var(Bg) + Bias®
=c?Tr[ (XX + kD' X'X)(X'X+ kD + k2 B(X'X + kD)%

_ ~2\P /1]' 2! 7 -2
=Y KB XX kD7 ©)

=y1(k) + (k)

First part is the sum of variances of all the B. The second part is considered the square of a bias. It is obvious
that the total variance decreases as k increases, while the squared bias increases. Therefore the possibility exists
that there are admissible nonzero values of k for which

MSE(Bg) < MSE(B)

If it can be done Var(B) > Var(Bg) can be satisfied. In order to understand the relationship among the
variance, bias and k, there will be more informative to have a look at the graph, which is well known by the
researchers dealing with ridge regression, presented in Figure 1. All of the related proofs can be accessed from
the paper by Hoerl and Kennard (1970a).

The residual sum of squares for the ridge estimator is
SSE(Br) = (Y — XBr)'(Y — XBg)
= (Y- XB)' (Y —XB) + (Bx — BYXX(Bx— B)  (10)

First term in the right side of the equation (10) is the residual sum of squares for the least square estimator and
the second term is actually the quadratic form of (ER - TZ).This implies that as k increases the residual sum of

squares of ridge estimator increases and consequently the determination coefficient R? based on Ridge decreases.
Therefore, the ridge estimate will not necessarily give the best fit to the data when we are more interested in
obtaining a stable set of parameter estimates.
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MSE of ridge
”
MSE of OLS "

Bias of ridge

Variance of ridge

k

Figure 1: The relationships among variance,bias and k

As we can easily see that the choosing a value of k is a crucial issue in ridge regression. Ridge trace is one of
the methods that we can apply. It is a plot of the elements of the ridge estimator versus k usually in the interval
(0, 1). From the ridge trace the researchers can see that at a reasonable k value the estimates become stable (Hoerl
and Kennard, 1970b). Marquardt and Snee (1975) suggest using only 25 values of k, spaced approximately
logarithmically over that interval.

The optimal k value can be found by examining the orthogonal form of the regression model. It is
Y=X'a+¢ (11)
where X* = XD and a = D'B. The Generalized Ridge Estimators of a is
ap = (X"'X +kDIX'Y (12)
The value of k; which minimizes the MSE (ay) is

2

k; = (13)

IGR ~ ¢

q

LA

where o2 is the error variance and «; is the ith element of a (Hoerl and Kennard, 1970a,b). When the actual
values are not known the formula will be

ki =

iGR

(14)

RV

where the estimates are obtained from the least squares. Alternative forms of the formula based on & for k can
be respectively given as follows;

The harmonic mean of k;.; kyr = ;%(Hoerl etal., 1975) (15)
The geometric mean of k; ..; kgy = H(%Z)I/p (Kibria, 2003) (16)
a;
The median of k;_, :kyzp = Median(k;,,,) = Median (;—_j)(Kibria,zooa) 17
Hoerl, Kennard and Baldwin (1975) suggested another method for finding k value which is given as
~2
k=2- (18)
BB

where 62 and B are the least squares estimates and this approach is called “ordinary ridge regression” (ORR).

Hoerl and Kennard (1976) introduced an iterative method for finding optimal k value, which is called “iterative
ridge regression” (IRG). In this method k is calculated as in below;
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p33(t-1)

_— 19
Bt-1)'B(t-1) (19)

kIRG(t) =

where 62(t — 1) and B ,_) are the corresponding residual mean square and the estimate vector of regression
coefficients at (t-1)th iteration, respectively. Generally, the initials are chosen the results from the least squares
method.

Uslu (2014) proposes to find k value using the particle swarm optimization technique, regarding to the objective
function defined as min{MAPE (k) + @(k)}. In this objective function @ (k) is defined by the sum of VIF values
providing that VIF’s are limited to be less than 10. Praga Alejo et al. (2008) propose to find k by using the genetic
algorithm with a problematic objective function and there is no limitation for VIF values. Therefore, the standard
errors of the regression coefficients will be able to shrink too much and the bias will increase too much as well,
which is the case we don’t want.

The Proposed Approach for finding k

In this paper we redefine the objective function as in Equation (20) below and propose two approaches based on
the genetic algorithm and differential evolution algorithm for finding the best value for k. The objective function
is defined as

min{MAPE (k) + @(k) + 6(k)} (20)

with subjectto 0 < k < 1 ; where MAPE (k) = =¥ |%| i=12...1n

S &i=1

VVIF; <10, j=12,..,p

0’
o(k) = { , ;
U_1VIF;, otherwise, j=12,..p

by (O VEN <30, j=12.p
(k) = {CNJ-, otherwise, j=12,..,p

By defining this objective function in that way, we are trying to find k value which minimizes the mean absolute
prediction error with subject to both VIF values and the condition number in order to be sure that there will be
no more multicollinearity problem in the data set used.

In ridge regression as k increases the ill conditioning of X'X is getting well. Therefore, the detectors of
multicollinearity such as the condition number and VIF values are getting smaller but the residuals sum of
squares increases.

Before we introduce both of the proposed algorithms, it would be good to remind how we generate genes and
chromosomes. We have decided the number of genes as 4 because we know that k must be a very small positive
number (Hoerl, 1962). Each gene is a number randomly generated from the interval (0, 9) because we want that
each chromosome will be corresponded to a 4-digit number. Then this number is converted to the value between
(0, 1) for k by using formula given in Equation 22.

Here are the steps of both proposed methods respectively.

The steps of the proposed method based on the differential evolution algorithm.
Step 1: Generate the initial population.

After NP (the size of the population or the # of chromosomes); D (the # of the genes in each chromosomes) are
defined the initial population are generated by the equation (21).

Xji = xf + round(rand;[0 1] * (x* —x")) i=12,..,NP, j=12,...,D (21)
where
Xji: j™ gene of i™" chromosome,

x!, x%: the lower and upper limits for a gen.
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The number of genes D, the lower limit x! and the upper limit x* are to be chosen 4, 0 and 9, respectively. The
aim of choosing D=4 is to determine the precision of the decimal part.

NP has to be at least 4 for the operators of the differential evolution algorithm to be implemented.
Step 2: Evaluate the values for k from the genes.

Each k value corresponding to the chromosomes are obtained from the following equation.
ki = =5 %0 21007 i=12.,NP, j=12,...,D (22)
Step 3: Apply the mutation operation.

3 chromosomes are randomly selected apart from the chromosome, which is called the current chromosome,
symbolized by x, and is actually to be subjected to mutation operation. It is taken the difference between the
first two of the 3 randomly selected chromosomes, and then it is multiplied by the scaling factor (F). And finally,
it is added to the third chromosome and the final chromosome, which is called the total chromosome, is being
generated.

With x4 x;,, X3 randomly chosen chromosomes, and F from the interval (0, 2),

Ny = Xj,3 + round (abs (F * (xj.rl - xf'“))) “

the total chromosome n is obtained. F is a real and constant factor € [0, 2] which controls the amplification of
the differential variation (x]-,1 — xj_rz) (Storn and Price, 1997). To be able to get the appropriate values for the
genes we apply the following adjustment. Then the final total chromosome n;;* is replaced to the total
chromosome as follows.

n:;: =

Ju

. {nﬁ xl < nji < x4 (24)

nji = 9, nji > x4
n; ="
Step 4: Apply the crossover operation

The nominee chromosome for the new population is generated by using the current chromosome and the total
chromosome(n). To do that, first of all random numbers are generated from the interval (0,1) for each genes.
Then each random number are compared with the crossover ratio, which should be determined in the first step.
With the following rule

. {nﬁ, rand(0,1) < co V j = jrgna

ji (25)

xji, otherwise
The nominee chromosome (u) has been generated. With j = j,...q at least one gene from the total chromosome
has been transferred to the nominee chromosome.

Step 5: Calculate the fitness value and the selection

Fitness value is the value of MAPE (k) + @(k) + 6(k) . After the mutation and cross over operation the fitness
value of the nominee chromosome is calculated. If it is less than the one of the current chromosome the nominee
chromosome, instead of the current chromosome, is replaced into the new population, otherwise the current
chromosome remains in the next generation.

If we symbolize x4, as the chromosome to be involved in the new population, the rule will be the as follows.

Ui, flup=zfle)

x;, otherwise (26)

XiG+1 = {

Step 6: The steps from 3 to 5 is repeated for all chromosome in the population, successively. The new generation
has been constructed.

Step 7: The algorithm from Step 2 with the new generation constructed at Step 6 is repeated up to the iteration
number (its). The best population will be reached at the end of the iteration. The chromosome with the best
fitness value in this population will be the best solution of the problem.
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The steps of the proposed method based on the genetic algorithm
Stepl: Define the parameters of the genetic algorithm.

Let be ‘NP’ the number of chromosomes which means the size of population, ‘D’ the number of the gens in the
chromosome, ‘co’ the ratio of crossover, ‘mr’ the ratio of mutation, ‘es’ the number of the chromosomes to be
eliminated from the population and ‘itrs’ the number iteration.

Step2: Generate the initial population

Xj; = le + integer(rand;[0 1] x (x* —xY) ) i=12,..,NP, j=12,...,D (27)
where the parameters are defined as in the step 1 of the previous algorithm.
Step 3: Evaluate the values for k from the genes

This step is the same as the step 2 of the previous algorithm. The fitness value based on the objective function is
calculated by k values obtained from each chromosome of the initial population.

Step 4: Apply the Natural Selection.

Due to the principle of “the more strong the most possible to survive”, the ‘es’ chromosomes with the worst
fitness value, are removed from the population. Then the ‘es’ chromosomes are regenerated as in the step 2.

Step 5: Apply the crossover operation.

In this step, the chromosomes are randomly paired with each other. The crossover ratio is compared with the
randomly generated number from the interval (0, 1) for each pair. The crossover operation is applied to the pair
with the random number, which is less than the ‘cr’. Then another random number from the integer interval (1,
L-1) is also generated to decide which crossover point will be.

Step 6: Apply the mutation operation.

First of all, random numbers are generated from the interval (0, 1) for each chromosome to decide whether the
mutation operation is applied, or not. These random numbers are compared to the mutation ratio. When the
random number is less than the crossover ratio the crossover operation is applied to the corresponding
chromosome. And again, another random number from the integer interval (1, L) is generated to decide which
gene is regenerated in that chromosome.

Step 7: The Choice of k.

From Step 4 to Step 6 a new generation has been constructed. In order to reach optimal solution for k, these steps
are repeated up to the iteration number. At the end of the iterations the final population has been constructed.
The chromosome with the best fitness value will be the optimal solution.

Application

Our proposal approaches have been applied to the real data sets which are known as “Import Data” and “Longley
Data”. We have chosen these data sets since we want to compare the results from our proposed methods with the
results from the approaches in literature. The variables are imports (IMPORT-Y), domestic production
(DOPROD-X1), stock formation (STOCK-X2) and domestic consumption (CONSUM-X3), all measured in
billions of French francs for the years 1949 through 1959 (Chatterjee and Hadi, 2006). Longley’s data set is a
classic example of the data with the problem multicollinearity (Longley, J.W., 1967).

Our proposal approaches were coded in MATLAB-2015. The programs based on DEA and GA are executed for
the parameters as given below for both data sets.

The parameters for DEA;
The number of iterations (its) as 50, 100, 150, 200.
The number of chromosomes (NP) as 30, 40, 50, 60.
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¢+ The scaling factor (F) as 0.5, 0.8, 1.2.
¢+ The crossover ration (cr) as 0.4, 0.5, 0.6, 0.7.
The parameters for GA,
¢+ The number of iterations (its) as 50, 100, 150, 200.
¢ The number of chromosomes (NP) as 30, 40, 50, 60.

«» The number of chromosomes to be eliminated (es) as 5, 8, 13, 17.
«» The crossover ration (cr) as 0.65, 0.75, 0.80, 0.85, 0,95.
¢+ The mutation ration (mr) as 0.005, 0.01, 0.05, 0.01.

For Longley Data the best result of MAPE was found as 0.210446 at k = 0.1584 from both DEA and GA. This
result from DEA is obtained at F = 0.5, ¢r =0.6, NP = 30 and its = 50 and from GA at cr = 0.95,mr =
0.05, NP =40, es =8 and its = 50. For Import Data the best result of MAPE is found as 0.126696 at k =
0.0662 from both DEA and GA. This result is obtained from DEA at F = 0.5, ¢r = 0.6, NP =30 and its = 50
and from GA at ¢r =095,mr =0.01, NP =40, es =8 and its = 100. Table 1 and 2 provides the
comparative results with the other techniques in the literature. Although the other techniques can provide the smaller
k value but some VIF values and condition number seem still problematic. In our application k has been found as
0.1584 for Longley Data and as 0.0662 for Import Data from both DEA and GA. It has been observed that at these
values of k obtained for both data sets all of VIF’s are less than 10 and condition numbers are less than 30.

For the purpose of comparison of two proposed approaches we summarized the results obtained at different
combinations of NP and its by fixing the other parameters such as F, cr, mr and es. Table 3 and 4 is represented to
show these comparisons at F = 0.5, ¢r = 0.6 for DEA and at ¢r = 0.85, mr = 0.05 and es = 8 for GA for
Longley Data. Table 5 and 6 is constructed to show the comparisons between DEA and GA for Import data at the
same parameter’s values. We have picked these parameters values among many trials that give the minimum MAPE,
just as an example. From these tables we can conclude that DEA can reach the optimal value more often than GA. We
should point out that at the different values for the parameters, which we have fixed at Table 3 and 4, we have reached
the same conclusion. We can conclude that DEA has found the minimum MAPE value more often than GA.

Table 1: Longley Data. COEF: Coefficients, SE: Standard Errors of the coefficients.

k COEF SE VIF CN SSE MAPE

Ordinary 0 0.046 0.261 135.53 12220 0.00452 0.0887
Least Squares -1.014 0.948 1788.51

-0.538 0.130 33.62

-0.2047 0.0425 3.59

-0.101 0.448 399.15

2.48 0.617 758.98
Harmonic 0.0004 -0.0134 0.2202 87.3167 6242.9 0.0050 0.0753
Mean -0.2524 0.5122 472.1528

-0.4306 0.0780 10.9497

-0.1814 0.0400 2.8773

-0.2828 0.3164 180.2142

1.8797 0.4149 309.8213
Geometric 0.0021 0.0784 0.1931 46.6209 1824.7 0.0072 0.0938
Mean 0.2467 0.1863 43.3779

-0.3449 0.0535 3.5720

-0.1511 0.0444 2.4598

-0.1801 0.2164 58.5586

1.1181 0.2485 77.1886
Median From | 0.0019 0.0683 0.1949 48.8217 1984.7 0.0070 0.0915
Kibria 2003 0.2320 0.1989 50.8888

-0.3485 0.0537 3.7031

-0.1526 0.0439 2.4802
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-0.1962 0.2218 63.2613
1.1622 0.2577 85.3985
Ordinary 0.00036 -0.0134 0.2203 87.3630 6249.9 0.0050 0.0753
Ridge -0.2532 0.5127 473.0805
-0.4308 0.0781 10.9656
-0.1814 0.0400 2.8779
-0.2827 0.3166 180.3958
1.8805 0.4151 310.1863
Iterative 0.0014 0.0379 0.1999 56.1977 2591.7 0.0064 0.0845
Ridge 0.1719 0.2456 84.8510
-0.3613 0.0552 4.2905
-0.1590 0.0426 2.5478
-0.2422 0.2392 80.4556
1.3094 0.2876 116.2878
Eren 2014 0.0172 0.02 0.1168 9.99 262.88 0.0123 0.1378
0.10 0.0459 1.54
-0.37 0.0590 2.55
-0.16 0.0516 1.95
-0.27 0.1000 7.32
1.44 0.0746 4.07
Proposed 0.1584 0.2472 0.0341 0.4040 29.9904 0.0259 0.2104
Method with 0.2860 0.0230 0.1845
GA -0.1377 0.0557 1.0797
-0.0034 0.0515 0.9223
0.2341 0.0298 0.3084
0.2611 0.0193 0.1291
Proposed 0.1584 0.2472 0.0341 0.4040 29.9904 0.0259 0.2104
Method with 0.2860 0.0230 0.1845
DEA -0.1377 0.0557 1.0797
-0.0034 0.0515 0.9223
0.2341 0.0298 0.3084
0.2611 0.0193 0.1291
Table 2. Import Data. COEF: Coefficients, SE: Standard Errors of the coefficients.
k COEF SE VIF CN SSE MAPE
Ordinary 0 -0.3393 0.464 185.9975 | 742.9346 | 0.0081 0,1052
Least 0.2130 0.0343 1.0189
Squares 1.3027 0.464 186.1100
Harmonic | 0.0016 -0.0297 0.2976 72.0916 462.4151 | 0.0086 0.1097
Mean 0.2158 0.0351 1.0046
0.9922 0.2977 72.1348
Geometric | 0.0035 0.1256 0.2153 34.8947 321.4231 | 0.0093 0.1235
Mean 02169 | go36a | 0.9972
0.8359 0.2154 34.9153
Median 0.0021 0.0222 0.2704 58.1769 415.3280 | 0.0088 0.1206
From 0.2162 0.0355 1.0022
Kibria 2003 09400 | 02705 | 582117
Ordinary 0.0016 -0.0340 0.3001 73.3001 466.2798 | 0.0086 0.1097
Ridge 0.2157 0.0351 1.0048
0.9965 0.3002 73.3440
Iterative 0.0042 0.1594 01969 28.5743 290.7252 | 0.0095 0.1137
Ridge 02171 | po3es | 0.9952
0.8018 0.1970 28.5910
Eren 2014 | 0.0090 0.2897 0.1212 9.99 171.7709 | 0.0103 0.1185
0.2174 0.0380 0.98
0.6692 0.1213 10.0
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I:/ll’otp;]os(tjed 0.0662 04333 | goa0s | 05183 209801 | 00126 | 0.1267
it G 02080 | goses | 08803

04993 | 00305 | 0.5181
Proposed | 0.0662 04333 | 00305 | 0.5183 209801 | 00126 | 0.1267
M_ethod 0.2080 0.0398 0.8803
with DEA 04993 | 0.0305 | 05181

Table 3: For DEA, MAPE/the iteration at which the optimal solution has been achieved
for Longley Data.

~ NP 30 40 50 60
Iteration
50 £0.210446/21 | 0,210784/29  [0,210446/34 > £10,210446/38>
100 210446/14 > [(0,210446/44 > 0,210446/51 > [Q0,210446/32>
150 @,210446/29 D|(0,210446/14>  |0.210446/14 > {10,210446/34 >
200 Q210436725 [(UZI0A46138 > [U2L044662> | Q210446785 >

The optimal MAPE is obtained at F=0.5 and cr=0.6.

Table 4: For GA, MAPE/the iteration at which the optimal solution has been achieved
for Longley Data.

~. P 30 40 50 60
Iteration
50 0,211497/16 | 0,211288/6 0,210657/3 | 0,210615/19
100 0,212245/3 0,210489/11 0,210784/27 210446/
150 0,210489/18 | 0,210531/43  |0,210446/44> { 0,210446/46;
200 0,210657/153 | 0,210700/154 | 0,210489/79 | 0,210446/111

The optimal MAPE is obtained at cr=0.85, mr=0.05.

Table 5: For DEA, MAPE/the iteration at which the optimal solution has been achieved
for IMPORT Data.

NP 30 40 50 60
Iteration
50 <0,126696/19 > | 0,126715/42 0,126696/41 > |0,126696/28 >
100 0,126734/6  {0,126696/32_ > {0,126696/36 > |0,126696/46 >
150 0,126696/2> ¢0,126696/21 > | 0,126715/21  |Q.126696/31>
200 0,126696/2» | 0,126715/16 0,126734/31  {0,126696/31 >

The optimal MAPE is obtained at F=0.5 and cr=0.6.
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Table 6: For GA, MAPE/the iteration at which the optimal solution has been achieved
for IMPORT Data.

NP 30 40 50 60
Iteration
50 0,126940/15 | 0,127089/20 0,126884/13 | 0,126977/11
100 0,126696/99 > | 0,126734/80 0,126753/12 | 0,126828/4
150 0,126772/22  [C0,126696/62 > %,126696/@ 0,126734/133
200 0,126696/82 > |0,126696/85 > [0,126696/42 > |<0,126696/47 >

The optimal MAPE is obtained at ¢r=0.85, mr=0.05.

Conclusion

As you can see from Table 1 and 2, at k found from both approaches, the standard errors of the regression
coefficients have been decreased and MAPE, and consequently SSE, has not been allowed to increase too much.
Also, we can say that the condition number as well as VIF values have been shrank to the desired level.
Consequently, this result means that there is no more multicollinearity problem in the data sets.

Since we have taken into account condition number as well as VIF when MAPE was doing minimized, the
proposed methods based on GA and DEA could have found the optimal solution for k and consequently
minimum MAPE. Speaking of the performances of these two approaches we can say that there is not much
difference between them. Both approaches find the same result, however the approach based on DEA finds this
result more frequently than GA when we change the values of the parameters of the algorithms such as F, cr, mr
and es. This result is true for both data sets.
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Ozet

Giliniimiizde tarimsal faaliyetlerle ugragan is giicii piyasasi ile liretim yapilabilecek tarim alanlarinin azalmasi ve
niifusun artmasi gibi tarimsal dretimi etkileyen nedenlerin gogalmasi, temel besin kaynaklarmin tiretiminin devam
etmesi konusunu 6nemli bir hale getirmektedir. Bu baglamda, tarimsal iiretimi iistlenen giftgilerin tiretimine devam
etmesi, tretimden kaynaklanan risklere karsi kendini giivende hissedebilmesi i¢in Onlemlerin alinmasi
gerekmektedir. Dolayisiyla iiretimi dogrudan etkileyen cevresel risklerin de etkisini azaltilabilecek sigorta
poligelerinin sunulmasi énem kazanmaktadir. Bu ¢alismada, tarim sigortalarinda kullanilan 6nemli bir sigorta
uygulamasi olan verim sigortasi anlatilmig, Tiirkiye igin bugday iiretiminde bulunduklar illerde ilk siralarda yer
alan Cihanbeyli, Corlu ve Polatli ilgelerine ait 1991-2021 yillar1 aras1 bugday verim verileri kullanilarak verim
sigortast i¢in prim oranlari elde edilmistir. 31 yillik bugday verisi, tarim sigortalari i¢in sik¢a kullanilan parametrik
dagilimlardan; normal, beta ve parametrik olmayan gaussian kernel dagilimi yardimiyla incelenmistir.

Anahtar Kelimeler: Verim Sigortasi, Parametrik Dagilim, Gaussian Kernel
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Determination of Premium Rates for Crop Yield Insurance : Examples of
Cihanbeyli, Corlu and Polath

Abstract

The increase in factors that seriously affect access to food, such as the decrease in the labor market dealing with
agricultural activities, the increase in the population and the decrease in the agricultural areas where production can
be made, makes the issue of continuing the production of basic food sources important. In this purpose, it is needed
to take precautions for the farmers, who assume the main role of agricultural production, to continue their production
and to feel safe against the risks arising from production. Therefore, it is important to present insurance policies that
can reduce the impact of environmental risks that directly affect production. In this study, crop yield insurance,
which is an important insurance application used in agricultural insurance, is explained. Premium rates for yield
insurance were obtained by using wheat yield data for the years 1991-2021 belonging to the provinces of Cihanbeyli,
Corlu and Polath, which are among the top cities in wheat production for Turkey. Normal, beta and non-parametric
Gaussian kernel distributions were used for wheat yield data.

Keywords: Crop Yield Insurance, Parametric Distributions, Gaussian Kernel

1. Giris

Artan niifus ve tarim alanlarinin azalmasi gibi gelecegi tehdit eden gelismeler, temel besin kaynaklarinin iiretiminin
giivenli bir sekilde devam ettirilmesi konusunu da 6nemli bir hale getirmektedir. Ciftginin tarimsal faaliyetlerinden
dolay1 herhangi bir gelir kayb1 yagsamamasi ve iiretimine devam etmesi igin sigorta sdzlesmesi satin almasi daha da
onemli bir hale gelmektedir. Tarim sigortast iirtinleri, ¢ift¢iyi iretimden kaynaklanan hasarlarin finansal etkilerinden
korumaktadir. Bu baglamda kullanilan geleneksel tarim sigortalari, dogal afetler ve gelirin belli bir seviyenin altina
diismesi gibi ¢iftcinin gelirini olumsuz etkileyen risklere karsi bir koruma saglamaktadir. Fakat bu sigorta iiriinleri
icin tersine se¢im (adverse selection) ve ahlaki-tehlike (moral hazard) gibi sigorta s6zlesmelerini olumsuz etkileyen,
daha ¢ok teminat 6denmesine sebep olan riskler mevcuttur. Dogal olarak sigortali kendi iiretimi hakkinda, sigorta
sirketinden daha fazla bilgiye sahip oldugundan bu durumu kullanarak haksiz kazang elde etmekte ve bu durum
sigorta sirketlerinin primleri yiikseltmesine sebep olmaktadir. Sigortalilar i¢in daha yiiksek prim oranlar
¢iktigindan, primlere yapilan devlet destegine ragmen, sigorta talebi diigmektedir. Bu sebepten dolay, klasik tarim
sigortalar1 diinya genelinde prime belirli oranda yapilan devlet katkilariyla ayakta durmaktadir. Coble vd. (1997),
Skees ve Reed (1986), Nelson ve Loehman (1987) calismalarinda assimetrik bilginin piyasa basarisizligina sebep

oldugunu gostermislerdir.

Verim sigortasi, tarim sigortalarinda kullanilan 6nemli bir sigorta uygulamasidir. Sigorta sirketi tarafindan 6nceden
belirlenen, garanti edilmis verim ve ¢iftcinin gergeklesen verimi arasindaki fark kadar 6demenin yapilmasi
mantigina dayanmaktadir. Verim sigortasina iligkin prim oranlarini dogru bir sekilde elde edebilmek igin 6ncelikle
riskin istatistiksel dagilimimin iyi belirlenmesi gerekmektedir. Botts ve Boles (1958), Just ve Weninger (1999)
¢aligmalarinda tarimsal verim igin parametrik bir dagilim olan normal dagilimi kullanmuglardir. Day (1965), Nelson

ve Preckel (1989) ise caligmalarinda beta dagilimint kullanarak verim tahmini yapmiglardir.
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Verinin kalin kuyruklu ya da iki tepeli (bimodal) olmast gibi durumlarda, parametrik dagilimlarin kullanilmasi
uygun olmamaktadir. Parametrik olmayan tahmin yontemleri, sadece veriye bagli oldugundan ve herhangi bir
parametreye ihtiya¢ duymadigidan parametrik dagilimlarin yerine kullanilabilecek yontemlerdir (Xie, Xie, 2009).
Goodwin ve Ker (1998), Ozaki vd. (2008), parametrik olmayan Gaussian Kernel tahmin edicisini kullanarak ¢esitli

tarim trtinlerine gore prim oranlar1 hesaplamiglardir.

Bu calisma i¢in TUIK’e ait (Tiirkiye Istatistik Kurumu) 1991-2021 yillar1 arasi ilge bazli bugday verileri
kullanilmistir. Tiirkiye igin yillara gore bireysel cift¢i verilerinin olmamasindan dolayi, ilce bazli veriler
kullamilmustir. Literatiirde, bireysel verilerin yerine verim sigortast i¢in il, ilge ya da bélge bazli verilerin kullanildigi
¢aligmalar bulunmaktadir (Ozaki vd., 2008; Miranda, 1991; Skees vd., 1997).

Tiirkiye’de verim sigortas1 2017 itibartyla uygulamaya konulmustur. Devlet Destekli Tlge Bazli Kuraklik Verim
Sigortasi olarak yiiriirliige giren bu sigorta iirlinii i¢in tazminat; ilgenin ger¢eklesen verim ortalamast ile ilgenin esik
verim degeri arasindaki fark baz alinarak hesaplanmaktadir. flgenin gerceklesen verim ortalamast icin ilgili yila ait
hasat doneminde Tarim Sigortalari Havuzu (TARSIM) tarafindan belirlenen referans parsellerde verim tespiti
yapilacaktir.

Sahin vd. (2016) Tiirkiye’deki bugday bitkisel iiriin sigortasi igin cografi tehlike bolgeleri bazinda gergeklesen hasar
tutarlarini temsil eden istatistiksel dagilimi belirledikten sonra, aktiieryal adil prim hesaplamiglardir. Binici ve Zulauf
(2006) Konya ili ilgelerine ait bugday verim verilerine iistel diizlestirme metodunu uygulayarak prim oranlarim elde

etmislerdir.
2. Materyal ve Yontem

Bu calismada, TUIK ’e ait 1991-2021 yillar1 aras1 Cihanbeyli, Corlu ve Polatli ilgelerine ait ilge bazli bugday verileri
kullamlmistir. Oncelikle Cihanbeyli, Corlu ve Polatli ilgeleri icin bugday verimi verisi, trend igerdiginden, dogrusal
trend modeli kullanilarak veri trendden arindirilmistir. Daha sonra parametrik ve parametrik olmayan yontemler
verilere uygulanmis ve ilgelere ait bugday prim oranlari elde edilmistir. Calisma igin Excel ve R programlar

kullanilmistir.

Sigorta islemlerinde 6denecek teminatin ve primin dogru bir sekilde belirlenmesi i¢in 6ncelikle ilgilenilen verinin
modellemeye uygun olup olmadigi iyi arastirilmahidir. Verinin trend, otoregresif etkiler ve degisen varyanshlik
icermesi durumunda, veri bagimsiz ve ayni dagilimli olmayabilir. Bu sebepten dolayi, veriye istatistiksel modeller

uygulanmadan 6nce, verinin diizeltilmesi gerekmektedir (Xie, Xie, 2009).

Verinin trend i¢ermesi durumunda, veriyi trendden arindirmak i¢in dogrusal ve dogrusal olmayan modellerin
kullanildig1 ¢alismalar literatiirde Onerilmistir (Ye vd., 2015; Lu vd., 2017). Ozaki vd. (2008) veriyi trendden

arindirmak dogrusal trend modelini kullanmislardir. y , bugday verimini gostermek tizere dogrusal trend modeli,
y=pBo+fit+e, t=1991,1992,..,2021 1)

bi¢imindedir. Burada f8,, dogrusal modelin sabit terimini, ;, trend katsayisini ve € ise model i¢in hata terimini
gostermektedir. Esitlik 1’den tahmin edilen verim, verideki trendin biyikliginil (J;enq) gosterdiginden ¢, ,

modelin tahmin edilen hata degerini olmak tizere, yillar icin gdzlenen verim asagidaki gibi gosterilir.

Ve =97 + g (2
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Verideki trendin biiyiikliigii belirlendikten sonra trendden arindirilmis verim (y...q) asagida verilen esitlik
yardimiyla hesaplanmaktadir (14).

0 — Yt 5
Vtrend = ygrend Vr (3)

Burada, y;, Esitlik 1’in tahmini sonucu elde edilen T. yil tahmin degerini gostermektedir. Bu ¢alisgmada T = 2021
olarak alinmustir. 2021 yilinin segilmesinin sebebi, teknolojik gelismelerin en yiiksek temsil edildigi yil olmasidir.

Esitlik 3’iin kullanilmasinin sebebi, veride degisen varyanslilik sorunu varsa bunu ortadan kaldirmasidir.

Calismada, ilce bazli veriler i¢in prim oranlari, trend igeren ve trendden arindirilmis verim olmak iizere ayr1 ayri
bulunmustur. Gergeklesen verimin, dnceden belirlenen esik degerden (hasar seviyesi) kii¢iik olmasi durumunda
Odenecek tazminat S(c) = max(cy —y,0) olmak iizere, Goodwin ve Ker (1998) prim oranim (7, ) bulmak

amaciyla asagidaki esitligi kullanmislardir.

_ P=<cy)(cy-EW/y<cy)) ()

T cy

Bu esitlik i¢in P(y < cy) gergeklesen verimin, dnceden belirlenen esik deger (hasar seviyesi) cy’den kiigiik olmasi
olasiligini; ¢, sigorta sirketi tarafindan saglanan teminat oranini (0 < ¢ < 1) ve y verim i¢in beklenen degeri (y =
ffow vf (y)dy) gostermektedir. Gergeklesen verimin, esik degerden kiigiik olmasi kosulu altindaki beklenen degeri
ise E(y/y < cy) olarak ifade edilir. Esitlik 4’tin pay kismi, bu sigorta i¢in sigortali tarafindan 6denecek primi
gostermektedir. Primin esik degere boliinmesiyle de prim orani bulunmaktadir. P(y < cy) ve E(y/y < c¥) i¢in

matematiksel gosterimler agagidaki gibidir.

Py <cp) = [ fF»)dy

1 yfay

E <cy) =="—7%
/y<ey) 152 fo)dy

Yukarida verilen integrallerin ¢6ziimii i¢in numerik ¢éziimler kullanilmistir. Verimin normal dagilima sahip oldugu
varsayilirsa, olasilik yogunluk fonksiyonu,

1 _(y—uz)z
f@) = 7 %

bicimindedir. Burada p ortalamayi, ¢ standart sapmayi1 gostermektedir. Beta dagilimi i¢in olasilik yogunluk

fonksiyonu ise asagidaki gibidir.

1 -a)P -yt
B(pg)  (b-a)pta-i ’

fly) = p>0,qg>0vea<y<bh.
B(p, q) beta fonksiyonunu gostermektedir ve hesaplanmasi su sekildedir.

B(p,q) = [, tP""(1 — )77 'dt

Parametrik dagilimlar, bazen verideki basikligi, carpikligi ya da ¢ok tepeli olma gibi durumlar iyi temsil

edemeyebilir. Bu durumda verinin istatistiksel dagilimi igin parametrik olmayan yontemler kullanilmaktadir. Kernel
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tahmin edicisi, verinin dagilimi i¢in sik¢a kullanilan parametrik olmayan bir yontemdir. Birbirinden bagimsiz ve

aynt dagilimli Y = (V3,..., ¥,,) serisi igin, Y’nin Kernel tahmin edicisi asagidaki gibidir.
= 1 -Y;
fo) =3 Kk (X1 ®)

K, [ K(v)dy = 1 yani olasilik toplaminin 1 olmasi kosulunu saglamaktadir. Esitlik 5’te, n, gdézlem sayisini; h,
diizeltme parametresi ya da bant genisligini gostermektedir. Kernel tahmin edicisi, her bir gézlemdeki sigramalarin
toplami olarak ifade edilmektedir. Kernel fonksiyonu da, bu sigramalarin bi¢imini belirlemektedir (Silverman,
2018). Bu ¢alismada K i¢in Gaussian Kernel fonksiyonu kullanilmistir. Gaussian Kernel fonksiyonu,

1 (_ﬁ)
K@) = e

bi¢imindedir. Bant genisligi h igin formiil asagida verilmistir (16).

1
h=09An"s

3.ceyreklik degeri

Bu esitlik i¢in A = min(o, T2

) esitligi yardimiyla bulunmaktadir.
3. Bulgular ve Tartismalar

Bu caligma i¢in Konya iline bagli, Cihanbeyli; Tekirdag iline bagli, Corlu ve Ankara iline bagli, Polatl ilgelerine ait
1991-2021 yillarina ait bugday verim verisi kullanilmistir. Bu ilgelerin se¢ilmesinin sebebi, kendi illeri i¢in bugday

iretimlerinin yiiksek olmasidir. Bugday verimine ait istatistiksel bilgiler Tablo1’de gosterilmistir.

Tablo 1. Yillara gore ilgelere ait bugday verimi (kg/dekar) istatistikleri

flge N Ortalama Standart Sapma Carpiklik Basiklik ~ Min Maks  Genislik
Cihanbeyli 31 216,32 72,24 0,31 -1,12 95,00 340,00 245,00
Corlu 31 374,77 67,55 0,07 -0,23 236,00 527,00 291,00
Polatl 31 220,52 54,07 -0,08 -0,65 121,00 341,00 220,00

Tablo 1’e gore 31 yillik bugday verilere igin Corlu ilgesine ait verim verisinin en yiiksek ortalamaya sahip oldugu
goriilmektedir. Cihanbeyli ve Polath ilgelerine iliskin ortalama verim degerleri ise birbirine yakin degerlerdir.
Bugday verimi verilerinin trend igerip igermedigini incelemek amaciyla Esitlik 1°de verilen dogrusal trend denklemi

verilere uygulanmustir. flgeler igin yillar itibartyla verim miktarlari ve trend Sekil 1°de gosterilmistir.
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Kaynak : TUIK, 2022

Sekil 1. Ilgeler igin yillara gore bugday verimleri

Tim ilgeler i¢in trend, Sekil 1°de kesikli ¢izgiler ile gosterilmistir. Esitlik 1 kullanilarak trend i¢in elde edilen tahmin

denklemleri agagida verilmistir.

pirend = —6301,4 + 3,11t, t=1991,..,2021 (Cihanbeyli)
ptrend = —8235,66 + 4,29t, t = 1991,...,2021 (Corlu)
pirend = —3094,24 + 1,65t, t=1991,..,2021 (Polatlr)

Yukarida elde edilen §£7¢"¢ degerleri Esitlik 3’te yerine konulursa ilgeler igin trendden armdirilmis verim (yo-ng)

degerleri bulunmaktadir. Tlgelere gore trendden armdirilmis verimler Sekil 2°de verilmistir.

Trendden arindirilmis verim (kg/da)
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Sekil 2. figelere gore trendden arindirilmis bugday verimleri
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Sekil 2 incelendiginde ilge bugday verimlerindeki trenddin ortadan kalktig1 ve yatay seyreden bir dogru haline
geldigi goriilmektedir. Veriler trendden arindirildiktan sonra R programi kullanilarak degisen varyanslilik sorunu

icin "ArchTest” testi yapilmustir. Test sonuglar1 Tablo2’de verilmistir.

Tablo 2. Degisen varyanslilik test sonuglari

p test degeri

Cihanbeyli 0,3351*

Corlu 0,1949*

Polatl 0,3109*
p *< 0,05

Tablo 2°de trendden arindirilan veriler i¢in degisen varyanslilik test sonuglarina gore p test degerleri 0,05 ten biiyiik
oldugundan, verilerde degisen varyanslilik sorununun olmadigini %95 giiven diizeyinde sdyleyebiliriz (H, =

ARCH (otoregresif kosullu degisen varyans) etkisi yoktur).

Normal, Beta ve parametrik olmayan Gaussian Kernel tahmin edicisine gore ilgelere ait prim oranlar1 Tablo 3’te
gosterilmistir. Veriler, trend igceren ve icermeyen veriler olmak {izere ayr1 ayr1 incelenip, prim oranlar1 bulunmustur.
Boylece trendden arindirma igleminin prim oranlarinin nasil degistirdigi de goriilmek istenmistir. Biitiin ilgeler i¢in
trend igeren verilere ait prim oranlarinin daha yiiksek oldugu goriilmiistiir. Tarimsal teknolojinin artmasiyla birlikte
bugday tohumu i¢in yapilan modern 1slah ¢aligmalari yillar itibartyla bugday veriminde yukar1 yonlii dogrusal bir
trendin olmasi sonucunu dogurmaktadir. Calismada bugday verimi verisi i¢in trendden arindirma islemi, teknolojik
gelismelerin en yiiksek temsil edildigi 2021 yili segilerek yapilmistir. Dolayisiyla {ig ilge i¢in de trendden arindirilan
bugday verimleri, trend igeren verilere gore daha biiyiik olmaktadir. Trend iceren verilere ait bugday verimlerinin
daha diisiik olmasi hasat doneminde gergeklesen bugday veriminin, Esitlik 4’te verilen cy esikdegerinden diisiik
olmasi olasiligini artirmaktadir. Yani, Esitlik 4’te verilen cy esik degeri igin trend igermeyen verilere ait egrilerin
altinda kalan alan, trend igeren verilere gore daha kiigiik olmaktadir. Bugday verimine ait dagilim egrisi igin esik
degerden kii¢iik olan alanin azalmasi, daha diisiik risk anlamina gelmektedir. Bu sebeple, sigorta girketi esik degerin
altinda gergeklesecek verimler i¢in teminat ddeyeceginden, hasar olasiliginin yiiksek olmasi durumunda primlerin
yiiksek ¢ikmasi beklenen bir durumdur. Ayrica trendden arindirma iglemi ile bugday verimindeki degiskenligin
azaltilmast sonucunda, bugday verimi verileri i¢in iklim degisikliginin prim oranlarina etkisi de

gbzlemlenebilmektedir.
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Tablo 3. Ilgelere gore trend iceren ve trendden arindirilmis veriler igin prim oranlari

Prim oranlar1 (%)

trend iceren veri trendden arindirilmig veri
Teminat orant
(%) Normal Beta Gaussian Kernel Normal Beta Gaussian Kernel
70 4,47 5,42 4,95 349 351 4,13
75 551 6.47 6.31 445 453 5.31
Cihanbeyli 80 6,70 7,62 7,85 559 570 6,68
85 8,05 8,87 9,54 6,90 7,03 8,23
90 9,55 10,22 11,35 8,39 8,53 9,94
70 0,47 0,41 0,69 0,16 0,31 0,17
75 0,85 0,79 1,15 0,35 0,58 0,43
Corlu 80 1,44 1,39 1,81 0,73 1,03 0,90
85 2,31 2,28 2,79 1,38 1,72 1,67
90 3,52 3,52 4,14 2,40 2,73 2,86
70 1,75 1,76 2,44 167 1,23 2,05
75 2,50 2,53 3,43 2,38 195 3,00
Polatl 80 3,44 3,51 4,62 331 292 4,17
85 4,62 4,72 6,01 447 417 5,52
90 6,04 6,15 7,57 589 5,68 7,05

Yillara gore ortalama verimin en diigiikk oldugu ilge Cihanbeyli igin tiim yontemler i¢in prim oranlart daha yiiksek
ctkmaktadir. Bu durum, diisiik verim ortalamasina sahip bolgelerin gelir sigortasi agisindan daha riskli oldugunu
yani yillik hasat doneminde gergeklesen verimin, esik degeri altinda kalmasi olasiliginin yiiksek oldugunu
gostermektedir. Corlu ilgesi i¢in prim oranlarmin diger iki ilgeye gore diisiik olmasi da yillara gore verim

ortalamasinin yiiksek olmasindan kaynaklanmaktadir.

Tablo 3 incelendiginde parametrik olmayan Kernel tahmin edicisine gére elde edilen prim oranlarinin tim ilgeler
icin parametrik yontemlere gore yiiksek oldugu goriilmiistiir. Parametrik olmayan yontemlerin verideki ¢arpikligi,
¢ok tepeli olma gibi durumlart iyi gostermesinden yani veriyi yumusatmasindan (smoothing) dolayi, verideki
yogunluklarin kuyruklarina parametrik yontemlere gére daha fazla kiitle ekleyerek olasiligi artirmaktadir. Bu

sebeple Kernel tahmin edicisine gére prim oranlari1 daha yiiksek ¢ikmaktadir.
4. Sonug ve Oneriler

Bu ¢aligmada Cihanbeyli, Corlu ve Polatl il¢elerine ait 31 yillik ortalama bugday verimleri kullanilarak ilge bazli
veriler i¢in verim sigortasina iligskin trend igeren ve igermeyen veri olmak iizere ayri ayri prim oranlart elde
edilmigtir. Verilerin modellenmesi asamasinda tarimsal veriler igin literatiirde sik¢a kullanilan parametrik

dagilimlardan Normal, Beta ve parametrik olmayan yontemlerden Kernel tahmin edicisi kullanilmistir.

Trend igeren verilerin, trendden arindirilan verilere gore daha yiiksek prim oranlarina sahip oldugu goriilmiistiir.
Prim oranlari, ortalama bugday veriminin en yiiksek oldugu Corlu ilgesi igin en disiik, ortalama verimin en diisiik

oldugu ilge olan Cihanbeyli il¢esi i¢in en yiiksek ¢ikmustir.

Bu ¢alismanin motivasyonu, Tiirkiye i¢in yeni bir uygulama olan verim sigortasi i¢in ilge bazl veriler kullanilarak
bilinen dagilimlar yardimiyla prim oranlarinin belirlenmesi oldugundan, verideki ¢arpikligi, basiklig1 da igerecek

diger parametrik ve parametrik olmayan yontemler de kullanilarak ¢aligma ileriye gotiiriilebilir. Ayrica tarimsal
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iiriinler i¢in gergeklesecek verimi tahmin etmek amaciyla, konumsal-mekansal etkilerin de gozlemlenebilecegi

modeller gelistirilerek bitkisel irlinler igin daha etkin verim tahminleri yapilabilir.

Gelismis iilkeler i¢in tarim, saglik ve ekonomi gibi temel alanlarda verinin merkezde toplanmasi 6énemli bir yer
tutmaktadir. Bireysel verilere ulasimin kolay oldugu iilkeler, bu verilerden yola ¢ikarak ilgili alanlar i¢in dnemli
kararlar alabilmektedirler. Tiirkiye gibi tarim iilkesi olan bir iilke igin ¢ift¢i bazli verilerin siirekli olarak toplanmasi
ve bu veriler 1s181nda politikalar gelistirmek hayati bir nem kazanmaktadir. Cift¢i bazli verilerin kullanilmast ile
tersine se¢im ve ahlaki tehlike gibi sigorta piyasasinda basarisizliga yol agan sebepler daha da azaltilarak etkili ve

stireklilik kazanan bir tarim sigortasi talebi yaratilabilir.

Tesekkiir: Bu caligmaya, Onerileriyle ve degerlendirmeleriyle énemli katkilar saglayan Prof. Dr. $.Kasirga

Yildirak’a tesekkiirlerimi sunarim.
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Ozet

Tiirkiye’de uzun yillardir bir bitkisel yag agigi bulunmaktadir. Yaglh tohumlu bitkilerin verimlerinin arttirilmasina
yonelik calismalarin yan1 sira zaman zaman alternatif yag bitkilerinin de iretim desenine dahil edilmesi
tartisilmaktadir. Alternatif yag bitkilerinden biri olan aspir, %35°lik yag oranina sahip olup Tiirkiye’de kurak iklimin
hakim oldugu bolgelerde yetistirilme potansiyelini korumaktadir. Caligmanin amaci, Trakya Bolgesinde aspir
iiretimi yapan tarim isletmelerinin iiretim etkinliklerinin belirlenmesidir. Etkinlik analizinde veri zarflama
analizinden yararlanilmigtir. Caligmada Trakya Bolgesinde aspir tarmmunin gelistirilmesine yonelik bir proje
kapsamina dahil olan 47 iireticiden elde edilen iiretim verileri kullanilmistir. Trakya bolgesinin ortalama etkinlik
katsayis1 0,532 olarak hesaplanmistir. Calisma sonucunda Trakya bolgesinde mevcut sartlarda aspir iiretiminin
yapilmasinin uygun olmadig1 sonucu ortaya koyulmustur.
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Sorumlu Yazar / Corresponding Author: 1-Gékhan UNAKITAN, Tekirdag Namik Kemal Universitesi, Ziraat Fakiiltesi, Tarim Ekonomisi
Boliimii.

2-Hakan ILDIZ, Tarim ve Orman Bakanh1, Siileymanpasa ilge Miidiirliigii.

Atif / Citation: UNAKITAN G., ILDIZ H. Aspir Uretim Etkinliginin Belirlenmesi: Trakya Bolgesi Ornegi. Istatistik Arastirma Dergisi, 2022, 12
(2), 49-55.



Atif / Citation: UNAKITAN G., ILDIZ H. Aspir Uretim Etkinliginin Belirlenmesi: Trakya Bolgesi Ornegi. Istatistik Arastirma Dergisi, 2022, 12
(2), 49-55.

Determination of Safflower Production Efficiency: the Case of Trakya Region

Abstract

There has been a vegetable oil shortage in Turkey for many years. Besides to the studies to increase the yield of
oilseeds, the inclusion of alternative oilseeds in the production pattern is discussed from time to time. Safflower,
which is one of the alternative oilseeds, has an oil rate of 35% and maintains its potential to be grown in regions
with arid climate in Turkey. The aim of the study is to determine the production efficiency of the agricultural
enterprises producing safflower in the Trakya Region. Data envelopment analysis was used in the efficiency
analysis. In the study, the production data obtained from 47 producers included in the scope of a project for the
development of safflower agriculture in the Trakya Region were used. The average efficiency coefficient of the
Trakya Region was calculated as 0.532. As a result of the study, it has been revealed that safflower production in the
Trakya Region is not suitable under the current conditions.

Keywords: Efficiency Analysis, Data Envelopment Method, Technical Efficiency, Scale Efficiency

1. Giris

Tirkiye’de, bitkisel yag talebinin karsilanmasi icin basta aycigegi olmak iizere soya, pamuk, zeytin, yer fistig1, misir
ve susam gibi yag bitkileri kullanilmaktadir. 2020 yili verilerine gore Tirkiye’de 4,3 milyon ton yagl tohum
iretilmistir. Bu miktar igerisinde 2 milyon ton iiretim ve %47 oran ile ay¢igegi birinci siradadir. 1,7 milyon ton
iiretim ve %40 oran ile ¢igit ikinci sirada yer almaktadir. Aspir ise 21 bin ton tiretim ve %0,05 oran ile son siralarda
yer bulmaktadir (FAO, 2022). Tiirkiye’de yaklasik 3 milyon ton bitkisel yag talebi bulunmaktadir. Toplam bitkisel
yag talebinin 1,5 milyon tonu yurti¢i iretimden Kkarsilanabilmekte geriye kalan kismi ithalat yoluyla
kargilanmaktadir.

Ozellikleri itibariyle kullamim alani genis bir yag bitkisi olan aspir, Tiirkiye’deki yaglh tohum ihtiyaci agigini
kapatmada iddiali bir bitkidir. Aspir, %35’lik yag oranina sahip olup Tirkiye’de kurak iklimin hakim oldugu
bolgelerde yetistirilebilecek potansiyelde bir yag bitkisidir.

Tarimsal iiretimde etkinlik dl¢iimii iiretimin siirdiiriilebilirligi agisindan énem arz etmektedir. Tiirkiye’nin bitkisel
yag a¢igini kapatma potansiyeline sahip aspir tiretiminin etkinliginin lgiilmesi bu baglamda 6nem tasimaktadir.

Tarimsal iiretimde etkinlik analizinin kullanildig1 ¢ok sayida bilimsel ¢aligmaya rastlamak miimkiindiir. Shafiq ve
Rehman (2000), Aktiirk ve Kiral (2002) pamuk, Dhungana ve ark. (2004) musir, Parlakay (2011) yerfistig1, Unakitan
ve Lorcu (2011) kanola, Engindeniz ve Cosar (2013) domates, Canan (2014) celtik, Hazneci (2015) seker pancart,
Aydm ve Unakitan (2018) bugday ve aygicegi iirlinlerinde teknik etkinlik analizinde veri zarflama yonteminden
yararlanmiglardir.

Calismanin amaci, Trakya Bolgesinde aspir {iretimi yapan tarimsal isletmelerin {retim etkinliklerinin
belirlenmesidir. Veri zarflama analizi ile isletmelerde iretimin etkin sinirlar icinde yapilip yapilmadig
belirlenmistir. Caligma sonucunda aspir {ireten isletmelerde etkinsizligin kaynagi belirlenerek iiretim etkinliginin
arttirllmasina yonelik ¢6ziim 6nerileri sunulmus ve aspir liretiminin yayginlasmasina yonelik politika 6nerilerine yer
verilmistir.

2. Materyal ve Yontem
2.1. Materyal

Caligmanin hedef kitlesini Trakya bolgesinde yer alan Edirne, Kirklareli ve Tekirdag illerindeki tarim isletmeleri
olusturmasi hedeflenmis, Trakya bolgesinde yillar bazinda CKS kayitlar1 incelendiginde sadece 2014 yili CKS
kayitlarinda sayisal yeterli sayilabilecek aspir iiretimi yapan 70 firetici tespit edilmistir. Ancak saha calismasi
asamasinda Tekirdag ve Edirne illerinde 47 iireticinin aspir irettigi kalan 23 ¢ift¢inin {iretim agamasinda degisik
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sebeplerden iiretimden vazgectigi belirlenmistir. Uretici sayisinin smirli olmasi nedeniyle calismada drnekleme
yapilmayip tam sayim yoluyla veri toplanmustir.

2.2. Yontem

Calismada, isletme diizeyinde etkinlik dl¢iimleri veri zarflama yontemiyle (VZA) yapilmigtir. VZA ile tek ¢iktili
iiretim yerine ¢ok ¢iktinin bulundugu iretim ortamlarinda etkinlik Sl¢iimii kolaylikla gergeklestirilebilmektedir
(Yolalan, 1993). Uretim birimlerinin etkinliklerinin 6lciilmesinde kullanilan baslica metotlar parametrik ve non-
parametrik metotlar olmak iizere iki gruba ayrilmaktadir. Veri Zarflama Analizi non-paremetrik bir yontemdir ve
karar verme birimlerinin teknik etkinligini hesaplamaktadir. Karar birimi “’k’’ i¢in teknik etkinlik; verilen bir girdi
seviyesi i¢in ¢iktilarin maksimize edilebilmesini saglamakla birlikte verilen bir ¢ikt1 seviyesi i¢in girdileri minimize
edilebilmesini saglamaktadir. Her karar alma birimindeki etkinsizlik miktar1 ve kaynaklar1 bu yontem ile
tanimlanabilir. VZA, etkin olmayan birimlerde ne kadarlik bir azaltma ya da ¢ikti miktarini artirma gerektigine
iliskin olarak yol gosterici bilgi verebilmektedir (Giilcii ve ark., 2004).

VZA’nin en biiylik avantajlarindan birisi birden fazla girdisi ve ¢iktis1 olan karar verme birimlerinin etkinliklerinin
hesaplanabilmesidir. incelenen karar birimlerinin ortalama etkinlige sahip birimlerle degil tam etkin ya da etkin
siirda yer alan karar verme birimleri ile karsilagtirilmast da avantaj olarak nitelendirilebilecek bir diger 6zelliktir
(Coelli vd., 1998).

[Ik VZA modeli Charnes, Cooper ve Rhodes (1978) tarafindan ortaya atilmis olup yazar isimlerine gore CCR olarak
anilmaktadir. Bu model dlgege gore sabit getiri varsayimina dayalidir. Banker, Charnes ve Cooper (1984), dlgege
sabit getiri yaklasimi (CCR), sadece biitiin karar verme birimlerinin optimal 6l¢ekte calistigi durumlarda gegerli
oldugu i¢in, 6lgege gore sabit getiri varsayimina dayali VZA modelini dlgege gore degisken getiriyi dikkate alarak
BCC olarak amilan yaklasimi gelistirmislerdir. Uretim birimlerinin tiimii optimal 6lcekte faaliyette bulunmadiklar
takdirde, Olcege gore sabit getiri tanimlamasinin kullanimi, 6lgek etkinlikleri ile karismus bir teknik etkinlik
Ol¢iimiiyle sonuglanmaktadir. Bu ylizden 6l¢ege gore degisken getiri tanimlamasinin kullanimi, 6lgek etkinligi
etkilerinden armdirilmis bir teknik ekinlik hesaplanmasina olanak saglamaktadir.

Eger belirli bir liretim birimi i¢in dlgege gore sabit getiri ve dlgege gore degisken getiri teknik etkinlik degerleri
birbirinden farkli ise, bu durum firetim biriminin Slgek etkinsizligine sahip oldugunu gostermektedir. Buna gore
Olcek etkinligi asagidaki sekilde agiklanabilir (Esitlik 1) (Zaim, 1999);

Olgek etkinligi = Toplam teknik etkinlik / Saf teknik etkinlik (8]

Olgege sabit getirili modellerde, girdi miktarinda meydana gelebilecek bir artis, ¢ikti miktarinda da ayni oranda
olmaktayken, dlcege degisken getirili modellerde ise, girdi miktarindaki bir artis, ¢ikti miktarinda farkli oranlarda
olamaktadir.

Girdiye yonelik olglimlerde amag, girdi miktarlarnin, iiretilen ¢iktt miktarinda degisiklik yapmadan oransal olarak
ne kadar azaltabileceginin belirlenmesidir. Ciktiya yonelik Olglimlerde amag, girdi miktarlarinda degisiklik
yapmadan ¢iktt miktarinin ne kadar arttirilabileceginin belirlenmesidir. Cikti odakli model, girdi odakli modelin tam
tersidir. Girdi miktarlariin sabit tutularak ¢ikti miktarlarinda ortaya cikabilecek degisimlerin incelenmesi olarak
tanimlanur.

Olgek etkinligi veya etkinsizligi, 6lcege gore sabit getiri ve dlgege gore degisken getiri etkin smir1 arasindaki
uzaklik olarak ifade edilir.

Bir iretim faaliyetinin optimum Ol¢ekte iiretim yapma basarist Olgek etkinligi olarak tanimlanmaktadir. Bir
isletmenin elinde bulundurdugu girdi bilesimini optimum bi¢imde kullanarak miimkiin olan en ¢ok ¢iktiy1
iiretmedeki basarisi teknik etkinlik olarak tanimlanmaktadir..

Calismada, veri zarflama analizi girdiye yonelik ve degisen getiri varsayimi altinda yapilmistir. Aspir tiretim miktari
(kg) ¢1kt1 olarak kullanilirken, iiretim alan1 (da), tohumluk (kg), azot (kg), potasyum (kg), isgiicii (sa) ve dizel yakit
(It) girdiler olarak belirlenmistir.
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3. Arastirma Bulgulan

Calisma Trakya Bolgesinde faaliyet gosteren aspir tireticilerinden elde edilen veriler ile yapilmigtir. Ortalama aspir
verimi, Tekirdag ilinde 74,11 kg/da, Edirne ilinde ise 39,17 kg/da’dir. Ortalama verimin bu kadar diisiik olmasinin
nedeni iiretim sezonunda meydana gelen asir1 yagislarin olumsuz etkileri ve bitkinin kritik gelisim evrelerinde ekili
alanlarda meydana gelen gollenmelerden kaynaklanan verim kayiplaridir (Ildiz ve Unakitan, 2022). llere gore aspir
verimi istatistiki olarak karsilastirildiginda “iller arasinda verim farkli bulunmamaktadir” bos hipotezi
reddedilmektedir (p<0.05).

Calismada uygulanan veri zarflama analizi sonucunda teknik etkinlik, saf teknik etkinlik ve Olcek etkinligi
katsayilar1 elde edilmigtir. Tablo 1°de goriildiigii izere aspir Gretiminde saf teknik etkinlik skorlar1 0,13 ile 1,00
arasinda degigim gostermektedir. Saf teknik etkinlik katsayisi 0,615 hesaplanmistir. Buna gore isletmeler
¢iktilarinda herhangi bir azalma olmaksizin girdilerini %38 oraninda azaltabileceklerdir.

Olgek etkinligi sonuglari incelendiginde katsayilarin 0,39 ile 1,00 arasinda degistigi goriilmektedir. Ortalama dlgek
etkinligi 0,899 hesaplanmistir. Olgek etkinliginin birden kiiciik olmas1 6lcek etkinsizliginin varhgina isaret
etmektedir.

Tablo 1. Trakya bolgesinde etkinlik katsayilar

Ortalama Standart Sapma Minimum Maksimum
Teknik Etkinlik 0,547 0,265 0,12 1,00
Saf Teknik Et. 0,615 0,280 0,13 1,00
Olgek Etkinligi 0,899 0,142 0,39 1,00

Illere gore etkinlik katsayilari incelendiginde Tekirdag ilindeki teknik etkinlik ve saf teknik etkinlik katsayilariin
goreli olarak Edirne ilindeki katsayilara gore yiiksek oldugu goriilmektedir. Saf teknik etkinlik katsayilarina gore
aciklanacak olursa, Tekirdag ilinde saf teknik etkinlik katsayisi 0,68 hesaplanmis olup (Tablo 2) isletmelerin ayni
iretim diizeylerine %32 daha az girdi kullanarak ulagsabilecekleri goriilmektedir. Edirne ilinde ise isletmeler ayn
iiretim diizeylerine %64 daha az girdi kullanarak da ulasabileceklerdir. Goriildiigii izere Edirne ilinde Tekirdag iline
gbre c¢ok yiiksek bir etkinsizlik séz konusudur. illerin teknik etkinlik katsayilar1 arasinda yapilan istatistiksel
karsilastirmada oncelikle Kolmogorov-Smirnov normal dagilim testi yapilmis ve skorlarin normal dagilim
gostermedigi anlasilmistir (p<0,05). Sonrasinda non-parametrik kargilagtirma testlerinden Mann-Whitney U testi
uygulanmis Tekirdag ve Edirne illeri i¢in teknik etkinlik (p<0,01) ve saf teknik etkinlik (p<0,01) katsayilar1 arasinda
anlamli bir fark oldugu, 6l¢ek etkinligi katsayilari arasinda ise (p=0,788) anlamli bir fark olmadigi sonucuna
varilmgtir.

Tablo 2. illere gore etkinlik katsayilari

Tekirdag Edirne
Ortalama Minimum Maksimum Ortalama Minimum Maksimum
Teknik Etkinlik 0,607 0,12 1,00 0,322 0,22 0,56
Saf Teknik Et. 0,682 0,13 1,00 0,367 0,24 0,59
Olgek Etkinligi 0,899 0,39 1,00 0,900 0,60 1,00

Tablo 3’te saf teknik etkinlik katsayilarmin dagilimlari ayrintili olarak verilmektedir. Tekirdag ilinde etkin
isletmelerin oran1 %35 iken etkin olmayan igletmelerin orant %65°tir. Edirne ilinde etkin igsletme bulunmamaktadir.
Edirne ilinde isletmelerin tiimiiniin saf etkinlik katsayis1 0,90°1n altindadir.
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Tablo 3. illere gore saf teknik etkinlik katsayilarinin dagilim

Tekirdag Edirne
Say1 % Say1 %
Etkin (0.90<TE<1) 13 35,13 0 0,00
Etkin degil (TE<0.899) 24 64,87 10 100,00
Toplam 37 100,00 10 100,00

Tekirdag ilinde aspir tireten isletmelerin %62’si 6l¢ek etkinligine sahip iken Edirne ilinde 6l¢ek etkinligine sahip
isletmelerin oram %80°dir. (Tablo 4.)

Tablo 4. llere gore dlgek etkinligi katsayilarinin dagilimi

Tekirdag Edirne
Say1 % Say1 %
Etkin (0.90<TE<1) 23 62,16 8 80,00
Etkin degil (TE<0.899) 14 37,84 2 20,00
Toplam 37 100,00 10 100,00

Bir karar biriminin teknik etkinligi korunmak sartiyla, Olgegi biyiitiildiigi zaman verimliliginin artacagi
sOylenebilir. Bu durum olgege gore artan getiri olarak ifade edilmektedir. Bir karar biriminin teknik etkinligini
korunarak odl¢egi kiigiiltiildiigii zaman verimliliginde artis gozlenecektir ve dlgege gore azalan getiri olarak ifade
edilmektedir.

Isletmelerin dlgege getiri durumlari incelendiginde Tekirdag ilindeki isletmelerin %70’i 6lgege artan getiriye sahip
iken Edirne ilindeki isletmelerin % 80’1 dlgege artan getiriye sahiptir. Buna karsilik Edirne’deki isletmelerin %20’si
Olgege azalan getiriye sahiptir (Tablo 5).

Tablo 5. illerin dlgege gore getiri durumlari

Tekirdag Edirne
Say1 % Say1 %
Olgege artan getiri 26 70,27 8 80,00
Olgege sabit getiri 9 24,32 0 0,00
Olgege azalan getiri 2 5,41 2 20,00
Toplam 37 100,00 10 100,00

Tablo 6 ‘da goriildigi tizere isletmelerin saf teknik etkinlik katsayilarina gore girdi kullanim miktarlari ayrintili
olarak verilmektedir. Etkin isletmelerin girdi kullanim miktarlar1 etkin olmayan isletmelere gore daha diisiiktir.
Bunun yani sira etkin isletmelerin ortalama verimleri de daha yiiksektir.
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Tablo 6. isletmelerin etkinlik durumlarina gore girdi kullanimlari

Motorin Tohum Verim
sgiicii (sa/da) (It/da) N (kg/da) P (kg/da)  (kg/da) (kg/da)
Etkin (0.90<TE<I) 2.39 718 482 3,76 3,50 96,11
Etkin degil (TE<0.899) 5 gg 7,55 5,44 4,03 3,95 55,41
Tiim Isletmeler
275 7.45 5,27 3,95 3,82 66,67

4. Tartisma ve Sonuc¢

Bu caligmada Trakya Bolgesinde aspir iiretiminin etkinlik analizi yapilmig ve tiretimde ortaya ¢ikan eksiklikler
konusunda 6neriler sunulmaya ¢alisilmistir. Etkinligin 6l¢iilebilmesi i¢in veri zarflama analizinden faydalanilmistir.

Isletmelerin etkinlik katsayilar1 incelendiginde, Tekirdag ilinde faaliyet gosteren isletmelerin etkinlik katsayilari
ortalamasi 0,595 iken Edirne ili i¢in 0,297 olarak hesaplanmistir. Trakya bdlgesinin ortalama etkinlik katsayisi ise
0,532 oldugu goriilmektedir. Edirne ilindeki ortaya ¢ikan katsaymin bu denli diisiik olmasinin sebebi, elde edilen
verimlerin diigiikligii seklinde agiklanabilmektedir. Etkinlik agisindan yapilacak degerlendirme de bu durum,
isletmelerin ¢ikti miktarini korumak sartiyla girdi miktarlarinda ortalama %47°lik bir azaltma sagladiklarinda tam
etkinlige ulasabilecekleri anlamina gelmektedir.

Aragtirmada veri zarflama analizi, girdiye yonelik ve degisen getiri varsayimi altinda yapilmustir. Isletmelerin teknik
olarak etkin ¢alisip ¢alismadiklari saf teknik etkinlik ve dlgek etkinligi ile 6l¢iilmiistiir. Yapilan analiz sonucunda
teknik etkinlik, saf teknik etkinlik ve 6lcek etkinligi katsayilari elde edilmistir. Uretimde saf teknik etkinlik katsayis
0,615 olarak belirlenmistir. Bu sonuca gore isletmeler iiretimde elde ettikleri ¢iktilarinda herhangi bir azalma
olmaksizin girdilerini %38 oraninda azaltabilecekleri sonucuna varilmaktadir.

Olgek etkinligi incelendiginde katsayilarin 0,39 ile 1,00 arasinda degistigi goriilmektedir. Ortalama Slcek etkinligi
0,899 olarak hesaplanmustir. Olgcek etkinliginin birden kiigiik olmasi dlcek etkinsizliginin oldugu ile ilgili bir
durumun varligini ortaya koymaktadir.

Illere gore etkinlik katsayilar1 incelendiginde; Edirne ilinde faaliyet gdsteren isletmelerde, Tekirdag ilinde faaliyet
gosteren isletmelere nazaran ¢ok daha yiiksek bir etkinsizlik oldugu goériilmektedir. Arastirmada, isletmelerin 6lgege
getiri durumlar incelendiginde Tekirdag ilindeki isletmelerin %70’1 dlgege artan getiriye sahip iken Edirne ilindeki
isletmelerin % 80’i Olgege artan getiriye sahiptir. Buna karsilik Edirne’deki isletmelerin %20’si Olgege azalan
getiriye sahiptir.

Arastirma sonuglarina goére; mevcut iiretimin her iki ilde de teknik olarak etkin olmadig1, azot girdisi disinda diger
girdilerin arttirilmasi durumunda {iretimde artig olabilecegi anlasgilmaktadir. Ancak saha ¢aligmalarindan elde edilen
bulgular dikkate alindiginda Trakya bolgesinde mevcut sartlarda aspir iretiminin yapilmasimimn uygun olmadigi
sonucu ortaya konulmustur.

Aspir bitkisinin Trakya bolgesinde mevcut sartlarda belirlenen sorunlar ve sebepler gercevesinde yetistiriciligin
yapilabilmesi ve yayginlasabilmesi i¢in koklii ¢oziimlere ihtiyag duyulmaktadir. Yag kalitesi ve kullanim alanlart
acisindan onemli bir bitki olan aspir, Trakya bolgesi {iriin deseninde miinavebeye girmesi ve yag agigina alternatif
bir bitki olmasi agisindan 6nemli bir bitkidir. Bu sebep ile bitkinin bdlgeye kazandirilmasi amaciyla uzun vadeli
planlar yapilmalidir. Bitkinin bolgeye adaptasyonu, bdlgeye uygun ¢esitlerin belirlenmesi, etkinligin artirtlmasi igin
iiretim asamasindaki optimum girdilerin belirlenmesi, farkli lokasyonlarda denemelerin yapilmasi, ¢iftgi bazinda
demonstrasyonlarin kurulmasi, iretici birliklerin bu konuda devreye girmesi bu baglamda ilgili kurumlar ve
birlikler vasitasiyla uzun vadeli egitim faaliyetlerinin yapilmasi, pazarlama sorunun asilabilmesi agisindan aspir yagi
iiretimin tesvik edilmesi ile aspir bitkisi, uzun vade de Trakya bolgesinde kendine 6nemli bir yer bulabilecektir.
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